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PART I 
- • INTRODUCTION 



One of the most peirvasive and basic characteristics of the 
sworld we live in is change. Current times are characterized by rates 
. *of .change unprecedented In recorded history. Everything is changing, 
..faster anra faster al^l the time. Electronic devices are getting 
smaller and smaller., the population's growing larger and larger,, -and 



^ prpbl^i&3' of all kinds are becoming more and more complex. 

Many of these changes are reflective of a. basic dhift .in the 
kinds of processes engaged in by people living in many parts of^' the 
world — a shift in coiinunication style. This shift is fed by the 
continued development and advancement of new communication techno log^ies^ 
Thus, easy access to relatively inexpensive telephone equipment in- 
creases the amount of communication between distant areas, in much the 
same way railroads, and later airplanejs, IxtcKeased the amount of com- 
munication by making rapid. mail service possible. 

Recent research (Parker, 1975) suggests that we are becoming 
an Information society, ^ere the primary commodity, that is processed ^' ' 
is, Information, rather than the industrial matter 'and energy that 
characterized the p re-information society.. ' 

Not only is there more commutiication, but a^so is there * 
faster communication. Where it used £0 take weeks to get a letter 
fro& San- Francisco to* New York,^ it is now fiossible for most df the 
, world to watch men walking on the surface- of the moon, with a delay-, 
dictated only by the speed <5f light. 

As educational levels rise and political barriers drop, more 
and more people gain the ability to interact In the context of the 
emetging world society. Where in the past, local and natidnal societies 
• were forced to be independent of one another by a lack of commimication 
facil^yLes, they arc now tied together into whAt is fast becoming 
singiP^tegrated network of interdependent units, where the boundaries 
are becoming more and more mere political or economic considerations. 
Instead ot natural geographical or racial barriers. 



What i6 the result o£ this increased interdependence? Gerard 
(1968, p.' 53) says that ''the more the members of the class i^eract ... 
rather than coexist, the more does the superordinate .group become a 
'true Individual -rather than a collection of ordinate individuals." 
Instead of a world' oV-fieparate, iiidependent nations, we are mc^ying in 
the direction of a single world society, composed of smaller intera^cting 
national regipnal groups, 

" This shift is not evident only on a glpbal scale. The ten- 
dency in thp American economic system has been to move away from 
mechanical processes and toward information processes. We are becoming 
more and i»ore reliant on information, as^the total volume of informa- 
tion exchanged in a given unit of time is growing rapidly as communica- 
tion and information technologies advance. One implication of this 
growth is a greater interdependence among the segments of the' political- 
' economic system. Cases wheria th^ effects of an apparently local change 
reverberate through the entire a^Srstem 4re being seen with increasing 
regularity. It is l^vious thdt the addition' of more communication 
.links is changing the fundamental nature of the system. 

The nature of this clitoge is becoming a legitimate topic for 
study from a number of viewpoints, as more and more problems are being 
reco^ized as system "probaems which can only be understood in the con- 
text of -the lar^r system* This hew viewpoint has been effective in 
a large number^f traditional fields — economics, environmental studies, 
transportation, and education, to name a few.^ In spite of the vast 
differences in thfeir topic areas, there seems tote a growing concensus 
that researchers and theoreticians feel a nepd to understand t|je 
general properties of -complex systems. • . 

. ^ » *This need. i? being translated into research/ The "systems 
approach" is a phrase, heard with^'l^reasing regularity at professional 
meetings and*seen"more and more^dn journals and, recently, textbooks. 
An unmistakable sign of the arrival of the systems approach is ';Lts 
occurrei^ce in populat fiction. There is even a novel abouf^ self-repro- " 
duci^g man-made systems, with a "title that suggests one of the potential 
dangers of uncontrolled complex systems — Me chasm (Sladek, 1968) . * 



There have been many papers with the phrases "A Systems 
Analysis of" or "A Systems Approach to" in their title. There is a. 
large body of literature made of uses or applications of systems 
thinking. There is also a body of writing about the systems approach 
in general, theoretical terms. There is much less, however, in the 
way Qf systems methodologies. This dissertation predents an attempt 
to bridge the gap from systems theory to syst^ems reseaxj^h. The bridge 
takes the form of a research approach — a m^ethodology, a guiding 
paradigm that structures and leads the research endeavor. 

The dissertation is divided into four parts, l^e first re- 
* views prior conceptual and operational approaches to the problems. A 
new 'conceptualization is developed in the second part, and a new. 
operational method is presented in the third. There are Two chapters 
in the fourth part. In the first we present an /example of the new 
method of analysis. In the second the new method is examined for 
^ts potential to aid in the advancement of theory and the guidance 
of research in the general area. 



CHAPTER ONE 

THE MECHANISTIC AND ORGANISMIC MODELS OF REALITY 

'•Thus the classical picture 'works' where it is ^ 
applicable. And because of its sudcess it has a 
terrible, seductive power over the human mind." 
(Rapoport and Horvath, 1968, p* 72) 

\ 

^* ... is not the understanding of any complexity 
to be gained by analyzing it further and further ^ 
^ into. its constituent parts?" (Rapo^port and Horvath^ 
1968, p. 72) ' , ^ ^ 

" "All the king's horses and all the ki^'s men 
couldn't put *Humpty together again." ^ (Mother 
Goose) 

Until only recently man's approaches to the study of man have 
been based upon two major conceptual tnodels the mechanism (the 
mechanical device which obeys the laws of physics) and the organism 
(the living, growing, evolving plan]: or animal); Buckley notes that 
"sociological theory has Veen living for some time off the Intellectxial . 
capital of previous centuries" (1967, p. 1)'. He goes on to suggest 
that this dependence on the .traditional conceptual structures is ^he 
basis for the "sizeable chorus of critics and skeptics" of the great 
bu.lk of empirical research conducted in the last decades. The diffi- 
culty, he says, "lies in the fact that current dominant theory is built 
on mechanical and organic (more^ exactly, organismic) systems models 
laid down during previous centuries" and which are 4uite inappropriate 
in dealing with the kinds of, systems ve are interested in (1967, p« 1)« 

DeuGsch (1968) argues that the'^use of these models in attempt- 
ing to uxider stand serial situations was consistent with advances in the 
physical and natural sciences, where these models, were very successful. 
According to'Monge: ' 



The breakthrough by the natural sciences in developing 
viable conceptualizations inspired social scientists 
to adopt models' based on the natural science conceptu- 
alizations of .the world, all of which was done in hopes 
of achipviijg 'similar success in explaining human'be- 
havior; thus, physical and biological science success 
bred- social^ science Imitation. Unfortunately, the 
hoped-fot success has never been realized; social and 
communication science are still without a viable 
model of human behavior ' (1973, p. 7). 

i^. \ ^ ^ , 

'^^ 

Of course, there have been many models proposed for the communication^* 
process sinbe the seyenteentti and nineteenth centuries, when the 
mechanistic and organismic iftddels were first applied to the study of 
man. • These include the Lasswell model of '*Who says What ita Which 
Channel to Whom with What Effect" (1948); and the Shannon- and Weaver 
model of 1949,^ as adapte4 by Berlo in his SMCR model (1960), which 
focused on the source, message, channel, and receiver (in parallel to^ 
Lasswell ^s model) i McCroskey (1968) added a ifeedback loop, ..arid Dance 
(1967) drew the mo^el as a helix instead of a circle, .to suggest the 
passage of time. • • . 

Monge suggests that a review of other models, such as -^e 
Westley-MacLean' (1957) conceptual model, the Becker (1968).mc^saic 
model, and ^ the 'Bamlund (1970) transattional model, among others] would 
be ... - 

... fruitle.ss, for despite their proliferation, 
virtually all contemporary theories of communication 
/ lack the sophistication necessary to be classified ' 

as even mech^istic or organismic, much less as. 
systems models. Rather, they tend to be pictoridl 
or verbal descriptions oif k poorly conceptualized 
vaguely defined phenomenon (1973, p\ 10). . 

If we ^xamlne the literature of the social sciences, we 
wxild see that the vast bulk of the research that has been done has-^ 
centered around the individual. In the relatively much smaller volume 
of literature that Is concerned with social system^ (which may be as 
small as (a slmifle ^o-per son dyad or as large as An entire civilization) , 



the' mechanical and organlsmlc models of reality are 6aslc to:mo^t of 
the research that has been done. ^ * ' . 

This Is not to say that r^earchers consciously used^echanl-* 
cal or organlsmlc analogies as, for example, Woelfel (1970) did In his 
"Theory of ^Inear Force Aggregation," wh^re messages and the self- 
concept are related by Newton's ^Second Law which equates- force with the 
product of mass' and NdcCeleratlon* Rather,' social scientists Incorpo- 
rated into thelig thinking at a very basic level certain fundamental 
a^suiirptlons concerning "the way things §re" consistent with those upon 
which the> idechanlstlc and organlsmlc models were based* It Is thus the 
use of these basic assumptions |^at Identifies' the later research as^ 
fundamentally mechanistic or organlsmlc ^ Both of thede basic approaches 
are severely limiting in that J - • 

. • ' ■ \ 

(1) They restrict the kinds of situations or phenomena that 
can be identified and utilized in scientific explanation, 
' . because they fail to consider adeqtiately^ the complexities 
' of the processes of observation and description* 

* (2) They restrict ^he kinds of logical 'hnoves" that can be 

ma4e in going/ from raw data to final Interpretive ^^ate- 
V ment, because *they fai-1 to jpecognize' the. relation of\ 
data and descriptions to the realityjbielng studied* 

\0) 'They 'thus restrict thfe kinds 6f. theory that can be put 
\ forth, both because of the expressive difficulties men- 
tioned in (1) €lnd because of the strategic logical diffl- 
cul^es mentioned in XZ-)! Furthermore, the simplistic 
^ nature of these approaches practically guarantees a 
parallel simp[liclty ii| theory building, as' the ^basic ' 
moitels contain no' hints of the kinds of complexity that 
can be seen in hierarchii^al Information processing 
systems, and thus do not suggest how these systems 
should be approached* ' 



, Let us review the two' basic models and see how they lead to 
the difficulties. mentioned above* 
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THE MECHAMI^ri<;-MODEL- AND;THE CLASSICAL. ANALYTIC MODEL 

Within the current dominant^ paradigm, scientific assertions 
take the form of "if $o ... then so" statements, which are usually 
interpreted as assertions of causality. Indeed, "the prediction para- 
digm of science Interprets all scientific assertions as as^sertions of 
valid causality relations" (Rapoport, 1968, p, xliiK Mathematical 
physics, a. particularly successful and highly developed branch of 
natural science, uses a mre powerful type a^ertion than the c'ausa- 
lity statement — the equation — in its'^d^s^riptiofls of djmamic rela- 
tionships between. entities across time. In the mathematical language 
of systems of equations, a single statement; will embody "an Infinity of 
"if so ... then so" statements, as it is e:q)ressed in continuous, 
rather than discrete^ terms. In addition, in tfe language of mathe- 
matics, it is possible to efficiently deal with situations where there 
are complex and eveii recursive networks of causal relationships, all 
interacting with one another over time. ^ 



i 



The connection between the language of equations and 
^ the 'vulgate* language of causality i,s established 

by holding constant ali oF ^he variables except one \ 
pair. This enables us to say: 'Other* things being 
equal, the tbinne* the bottom of the kettle, the 
sooner the water will boil'; or 'Other things being, ^ 
e^ual,'the greater the atmospheric pressure, the 
longer it will take to bring the water to a boil,' 
etc. Thus, 'common-sense' causal , relations are in- 
cluded in the equation .and* are deduced by liold^ng > 
^ constant all tiie variables except tho^e of ^inter^t. 

In asauniing that the equation in which all the ^ 
causal factors were combined was given, we )iaye» 
V of coursp, assumed that all of the relations were 
^known at once. In actuality they are' often deter- 
mined one by -one. . These separate determinations * 
are made possible by the method, of controlled experi- 
ment. In order to bring out some causal relation -free 
of disturbances by other factors, we delibetately ^ry 
to hold constant all those lectors suspected of " 
having some influence. ThusXthe basic assumption 
underlying the^ empirical studV of , physical pheno=- 
mena is. (hat we can eliminatef all diaturbing pheno- 
^ mena and study the relation i>f inte;rest alone. 

Next, by establishirig se^er^ ^airs of such relations, 
we can (we assume) combine th^ into a* more general 

' , ■ ■ .19 ■ ' ■ 
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causality law, that is, an equation in which all the 
' contributing^ factors appeap as variables. This is 
. called the analytic -method. ^ It has been phenomenally 
. , . successful in^the physical sciences- (Rapoport, 1968, 
< ' p J «iv) • . 



• ^ Analj/sis Is^an attempt/ to understand a complexity by ~" 
/*> ekamlning its constituent par^. The pa,rts being 

* « simpler^', they are supposedly mbre amenable to under- 

• standing. The idea of analysis, then, is to* under- 
stand the Working ofj the parts .... The implied 

hope is that it is possible to 'build up' the under-" 
standing of a .complexity by 'superimposing' th^. ' 
workings of the various parts (Rapoport and Horvath, 

• 1968, p. 87). ^ ' ^ 

r 

The central ideas here, namely (1) that we can eliminate all 
disturbing phenomena alid study the relation of interest alone, and 
(2) that we can combine descriptions of pairs of relations' establishedv 
by studying isolate^ aspects of the situation into more general causality 
laws, are unquestionably mechanistic in tone. Recall the status. of 
scientific thought when the^ classical 'Mechanism"' first led to success- 
ful prediction of future events with Newton's description of the solat 
system. * , , i 

According to Deutsch (1968, p. 388), mechanistic analogies 
^re quickly applied to descriptions of government by HoWies, Ltocke, 
Montesquieu, and de la Mettrie. Tom Paine expended them to God as the 
"first mechanic," and Schiller spoke of the "watchspring of the universe. 
This extension of the^ idea of mecttanlsm, from the experience of newly 
developed pumps and plockworks, says Deutsch (1968, p. 388), to a 
general description of reality, was encouraged by Newton's success with., 
mechanical description* of gravitational astronomy. ^ 



CLASSICAL MECHANISMS 



The physical concepts of space, time, attraction, 
inertia, force,. power — which must be recognized 
as anthropomorphiisms originally borrowed from every- 
day human expedience ~ were borrowed Back in their 
new connotat;ive attire and applied to man .and 
society. Thus we find conceptions of moral or 
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social space in which social events .occur; -position 
in social space, and a' system of social cpordi^ates 
defiiling man Is position in it; social 'processes as 
results of the 'gravitatioiy* or attracticii and 
inertia of individuals and groups,^ the latter rer 

^ garded as a - system in an equilibrium of centrifugal 
and centrifugal forces . Social organization, power, ' 
and authority yere resultants of the pressures'^ 
'social "atoms ^- and 'molecules': hence arose 'social 
statics' or a tj^eory of social equilibrium analogous 
to statics in physical mechanics, and 'social dyna-' 
niics' involving motion or change as a function 
time and Nspace expressible by various mathematical 

. curves (Buckley, 1967, p. a).. 

The ^classical concept or model of mechanism* implied 
th'fe notion of -a whole which wa&\ompletely vequal to 
the sum of its parts; which could be 'run in reverse; 
and which' 'Would behave in exactly.- identjkuu. fashion 
no matter 'how often those parts w^re dlsass'embled 
and put together again, and irrespective of. the se- 
. quenc^ in which the disassembling or reassembling 
would take place • It implied consequentrly the J|t 
notion that the^parts were never significantly 
modified by each other, nor by ' theiry^own"^ past, and 
that each part once placed in its appropriate posi- 
tion, with its appropriate' momentum,, would stay 
exactly there and continue t<3f^ fulfill its completely 
and uniquely determined function (b'eutsch, 196*8/ 
p. 388). ' * • . ' ^ 



It is easy to' see how the Classical analytic method is well 
suited to 'the study of mechanisms, and why it should be chosen to guide 
the study of 'ft reality thought to behave as a mecfianism. In fact, the 
mechanistic model was very successful in the physical sciences,' axid 
the analytic method was *^the one that allowed this success. As ^ng as 
the systeias being studied Were fairly simple, and, as long as the 
measurement techniques remained relatively insfensitlve to discrepancies 
between the reality and » the 'model, the analytic technique- worked well: 
it was possible to take the -.more complex situations apart into simpler 
Situations that could be easily .understood. The tesiilts of this piece- 
meal analysis could then be combini|&(l to give a more or less adequate 
description of the whole. -Adeqiiate, that is, until ^fhe reality being 
Studied failed tp^ fit "the mechanistic model to such an extent that the 
discrepancies could riot be ignored ♦ ^ * * <t 
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yHE MECHANISM FAILS; 



DIALECTIC 
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As machines became more complex, so did the sets of inter-: 
relationships among their parts. The effects of the past hi8to% of 
machines became appreciable, as the greater complexityo resulted, in 
machines whose performance wa^ dependent on precise intermeshiflg of 
m^y p4rts,^which were subje^f^o-w^ar . Furthermore', attempts to a 
apply« this approach to the sfudy of anim^^ls and, in particular / man 
w£re met with disappointment more often than stfccessV. In the face of 
repeated failures, the first assumption made by reisea^chers was probably 
that their measurement or analysis techniques were imprecise* It was 
easier to iifiprove these areas< thah to construct ^ new model of reality, 
and so these were the areas where improvetients were made-^^^v'itness the 
current state of statistical methods. — complex regression technique^ ^ 
and sophisticated multidimensional scaling routines). 

In^some areas of investigation, t^e old. methods in thel|: ex* 
tended versions seeme^ to work. In others, however, they continued to 
fail. The classical analytic method would not work vheh^the situation ; 
un4er Investigation Involved closed caus^al, loop«% as, for: example /Ndd 
all ayetf^SSSTwith operating feedback loops. This was especially the 
case witl> living^ processes. . - 1 ' , ' 



Views on why this is soMiffered^ According to, .one 
view, called vitalism, the extension is in 'principle . 
Impossible, because livwg processiss are not governed 
by the same laws ^s nonliving processes. According* 
to ^the opposite views, variously called mechanist, , ' ^ 
physicalism, or reductionism, the difficulty lies not 
in an irreducible difference between physical and*^'. 
biological laws but only in th^ tremeh(K)us compl^ity 
of living processes. The reductionists assumed V 
Implicitly that if we knew enough about how diving:'. \ 
beings were put together, we could write down the, 
equations that govern their behavior^ and Hf we' 
were clever enough in mathematics , we coul4 '^Ive 
the equations and so determine tlie * trajectories* 
of behaVidr (Rapoport, 1968, p; xv). - 

There, were thus' two resp^ses to the failure of -/bhe mechanisjtlc model* 
The. mechanists said essentially that t)ielr model was still adequate. 
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More careful' and extensive analysis (in the classical sense) of complex . 
systems (such as animals and i^ian) was all that Was peieded^ Th^ controlled 
experiment was still the preferred- investigatory strategy i 

The organists,' on the other hand, said that* in living systems 
the whole^ approach taken by the mechanists was doomed to failure -at the 
start, because organisms are not mechanisms — they are fujndamentall]^ 
different, and this difference demands a different approa<i|i tor under- 
standing. It was almosf as if all' of reafkty were divilrfl^ into two 
mutually exclusive classes ~ mechanisi^s and organisms, i 

k i - ^ ' 

Accojrding to the classical ^iew, an 'organism* Is^ 
unS^alyzable, at least in part.^' It cannot be* taken . • * 

apart and' put together again without damage. » A%. 
Wordsworth put it, 'We murder^ to dissect.' The 
parts of^a classical organism, insofar as they can, 
be identified at all, not only retain the functions 
which they have been assigned but in fact cai^iot'be 
put to any other functions (except within narrow 
limits of 'de-differentiation' which were o^ten ' 
ignored), without destroying the organism, ^e 
classical organism's behavior"^ ifreversiblie^ It 
' . - has a significant jJast and a history ~ two things , ^ 

^ which the classical mechanism lacks — ,hut it is 

^ only half historic£il because it was believed to 
^ ^ follow its own peculiar 'organic law' which governs 
1^ Its bitth, maturity,* and death and cannot be jana- 

lyzed in terms of clearly identifiable 'mechanical' ^ 
causes (Deutsch, 1968, p. 389). * 

^ The classical' organismic approach thus seems to deny all the 
assumptions of the mechanistic viewpoint. A purely org'anisinic research 
straj:egy would do the opposite of the mechanistic approach.. Where a 



medhanist wb\xld^ take apart a compfeJf system to* see how its parts worked 
in hopes of gaining an understanding of the whole, the org^ist would 
deny this as a viable stifa^egy. The reason .for a given system's be- 
havkot vould be "the system" — the origins of behavior are to be found 
in the wholenes3 of the system, and are not reducible to the constituent 
parts of the system. (Xthen^se, the ox:^anism would be reducible«to a 
mechanism, and this state of affairs would be very hard to accept as a 
model, of one organism *in particular — man. 



. 12 
' For this reasx>n mechanistic explanations of organisms would - 
not be expected to "work/' However, there wete difficulties with 
mechanical explanations even in th^ physical sciences. Attempts' to 
find mechani^cal models for quantum mechanics, for example, wete not 
success fuli^and were "taken Qs evidence for the 'mysterious* character 
of subatomic processes" and for the existence of a "pervasive 'spiritual 
reality* that is not indifferent or alien tc^ human values" (Nagfel, 1961, 
p» 337). Thus, signs of organism were evident, even in the domain of 
mathemajtical physics, where the mechanical model had been most success- 
ful: . ^ . . ^ 

r 

• the failure to' explain ^electromagnetic phenomena 
in terms of mechanics, and\he general decline in 
" mechanics from its earlier position as the universal 
science of nature, have been construed as evidence 
for the 'bankruptcy' of classical physics, for the 
necessity of introducing 'organiamic' categories of Jl 
"explanatiorr in the study of all natural phenomena, and y 
for a variety of peeping doctrines concerning levels 
- of bSing, emergence, and creative novelty (Nagel, 1961, 

. p - '337). ' • ; . 

^ ' Thus the l?^ibution of mysterious "life forces" or "higher 
forms" or different logical structures to an area that is resfstant to 
modelling with mechanistic^ approaches seems to be common, even in the 
physical sciences. * ^ 

,^ .Although modern organismic biases are still with us, they 
seldom speak of "life forces" or "entelechies." Instead, they refer 
to "organic wholeness" or to "functional unity." 

It followa'that undeifstanding cannot be extended ' . 
beyond the scope of physical science yithout intro- 
ducing concepts which embody irreducible wholes in 

" place of physically measurable variables. The con- 

ccept of organism is indispensible in biology; the ' ' 

concept of the individual in psychology; the concepts 
of the .institution and social class in sociology; 
the concept of a nation in contemporary political 
science; the concept of a, culture in anthropology. 
Each of these wholes presents itself naturally, 

^ because we perceive it as^ such (RapopoVt, 1968, 
p. 3cyii). 



Of course our thinking is^guided by our. peifcept ions. ' ^^us it seema 
logical to study these complex wholes as we perceive.. them — - that is, 
as individual units, which We "murder to dissect." This approach is 
valid, in that it does respect the (^nes's of complex systems. However 
attempts to apply* orgAnismic thinking to' gain an ..understanding — not 
only: of what a complex system does as .a system, but also of how ' the 
system does what it does, given that it is what it is ~ are not often 
fruitful. ' - . ' ' 

We* recognize an organism,' an individual, agnation; 
and we assume that in proper circumstances it acts 
• as a whole. Still, if we confined our attention . ^ 
exclusively to the grossly observable patterns of 
these wholes, we would not nfake much progress toward 
understanding this behavior (Rapdport, 1968, p.^xvii). 

Just as the mechanistic approach igppted too much by assuming 
a system could Ji)e studied piecemeal, so did the organismic approach 
prevent understanding by denying the reducibility of cV)mplex phenomenal ^ 
to the interaction of constituent components^ 




DIALECTIC ; SYMTHES^ . 

The mechanlstl^ a^prtJach *is opposed by the ol^^anismic in a 
dialectic where fuj^amental views of reality ar^ contested. Where the 
organismic approach resulted from the opposition of the mechanistic 
method to situations not siftted tfo m^hanical analysis, the systems ap 
proach comes fromjthe new dialect jLc 

Be la Mettrie, writing in^747, suggested a way out of the 
animate vs. inanimate (i.e., med^anism vs. organism) dilemma With his^ 
suggestion that C ' 

.... Matter was in itself neither organic nor 
inorganic, neither living "tiqr dead, neither sensi- 
; ble nor insensible*. The difference between these 
states or properties of material .things sprang, 
not from the intrinsic natures of their raw mate- 
rials,- but from^ the different ways in which these 
materials were organized (in Toulmin and Goodfield, 
1962, p. 318). n 



^ Although De la M^ttrie Ka5 no suggestions on how to^ study 

systems, he got very clofse tij^-what. has turned out to be a crucial- cx)n- 
cejpt in modem systems^theory . orgariizatiotS^ The way things are 
organized how one^part is related to another in a context. — has a 
prof^d inf luenccr .on relationships >he thing may enter. Jhis is 
especi^ly^ impojjtaut >rtien the "things" are complex ^yst^jus and the 

relationships are. ones of observation and description. 

The dialectic Is iftjt yet fully developed. However, we can 
see how 'tbe^ prior, steps ar^e limiting, we look from a broader per^ 
spective tjian the ones provided by either of the two basic- models^ 

^ (l)-^Both restrict the kinds of situations- or phenomena- that^( 
* , be identifi^ and utilized in'scienti^ic explanatiofc 

y ' by filling to' consider adequately the'^comple^ities of, 
,y ^ ^the prgcesses of observation and desdriptipn: • the 
/ ^ ^mechanistic appfroach' looks at systems as, simple coliec- 
^ • tions or iaggregates of 'parts, /while the organismic ap-- 
— Jo sPJ^oach "sees" only>.in .tenqs of wholes ^Neithef recog- 
nizes the subjective nature of^^lje perceptual process, 
which inclfiSea^ the arbitrary (otMn w^^onscious) Imposi- 
tion of djlstinctions yhich allow us ^o; speak and think - 
of "units ." Once the arbitrary, naturt^ of these distinc- - 
*• tions is recognize, *the Importance understanding the 

relati^n«hip'betwej&p^ a unit at one level (a part, 
^ perhaps) iuid a unir alt another levej (the.whole^ perhaps^ 

\ " becomes msmifest. This process. must become conscious 

a - priori' conceptualizations are not to*influence the 
proQesses of - 9bservation arid description in such a way 
that we are effectively blind^e l^y our subjective percep- 
'\ i ions . Perhaps ' a; more^ conrfRous^ approach , on^ ^which 

^ Recognizes the subjective a priori- nature^of perceptual 

prd^£fise9,,je[ill allqw us to d^vek^p mor^ useful,; less 
restricting priof^ . ^ - 

' . . ^ ' . - . y 

(2) Both r^stpict i:he kinds-of--logic^.^oves" that can be' 
* macjie In going from raw data to" flnai interpretive .state- 
caerits, by failing to rec^gfttze the relation of data ^nd 
description, to the reality being studied . On one haidd 
the mechtoistic approach assxmies that complex phenomena * 
^ can be^taken apart and studied piecemeal. The bits of 
^owledge are then added together^^^t^give afl undetstandin 
of the whole. Since this approach ignores the effects *\ 
. ^ diie to iffitual mtj|ltiple interactions among the parts, it 

cannot anticipale* the effects qf these interactions, thus' 
limiting the kiAds of Statements that can be made, given 
a set otx-a\i data. This*iiml4ation stems from the * 



combination of two factprs: (a) when moving up to a ' 
^^8h^i?vel of analysis, it is assumed that the' infor- 
mation about the lower levels is simply added up to ' 
provide a description of the system ^t the higher level 
— it is not necessary to provide a different descrip- 
tion for the different lev^l; and (b) not only is* it ffot^ 
necessary to provide a different description (at a 
different level of analysis) for the different level, 
but ^ere is no w^ to generate such a desdription, 
given the original one. ^ , 

On the other hand, the organismic approach denies the 
legitimacy of cross-level analysis as even a logical 
possibility. Thus, data must be used at the level 
from which they come. For example, the relation of 
. the behavior of the individual in an organization to 
the behavior of the organization as a unit iiT its own 
right is not^open to scientific investigation-. 

(3) The limitations discussed above combine to restrict the 
kinds of theory that can be put^forth. The basic prob- 
lem seems to stem from a fundamental ignorance of 
relationships between levels -r- l^evels of analysis, 
levels of abstrictiop, levels of perceptiori, levels of 
description. When in the study of complex, multi-leveled 
systems these relationships ire violated,' conftised, or 
ignored, it becomes difficult to move toward an under- 
standing* When the relationships are clarified, research 
can progress much faster, as important questions a^e both 
more readily identified and resolved. This will tjrans- 
late into more substantive theory, together with a 
fundaftentally deeper understanding. , ' 



THE SYSTEMS MODEL 



A whole ^ich funptiotis as a whole^ bj^ virtue of the 
interdependence of its parts is called a systenr » 
and the method ^ich aims at discovering how this ,^ 
is brought about in the widest variety of dystens/^ 

been called general system theory • General 
system theory seeks to classify sy^teas^by the way 
their ^omponMits are organized (interrelated) and 
to derive *1^8,* or typical patterns of behavior, 
for the *dif ferent claisses of systems singled out 
by t;he taxonon^ (Rapoport, 1916a, p» xvii). ^ 



^ 



A system is a set of object^, together with relation- 
ships between the objects and between their attri-» 
buter (Hall und Fagan, 1968, p» 18). 
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The whole is more than the sum of the parts. 

The sylstems approach, like the organismid approach, says- that 
weMiave to look at the \diole system* If we Isolat^ the parts, we take 
them out of the, context in which they function, thus destroying their 
relationship to the^systeni or, in other words, changing tlie system* 
•Unlike the organ^snptlc. approach, however, the systems approach identifies 
the- parts, together with their Interrelationships,' as the orig^lns of 
properties seen in the whole system* The systems approach denies the 
existence of "life forces" — or else it reduces^them to effects of the 
Interaction of the parts of the system* 

One example of this process is seen in the reduction of 
"purpose" or^goal-oriented" behavior to cybernetic control systems, 
governed bynegative feedback, where the discrepancy between the actxial 
state of the^system and the desired or ideal of goal state Is fed back 
into the system in such a way as to cause it to move toward t;he goal 
state* With this arrangement, mlndleas machines can be made which 
appear to function as- if they had conscious purposes; « 

The concepts of systems theory have enjoyed wide use*by 
communication scientists for the past 10 or 15 years* Terms like 
"feedSltek," "boundary," and "process" app^r often In the literature* 
At professional meetings we hear the phrase systems approach" with* 
Increasing regularity*. 

But . what does it mean to take- a "systems approach" in com- 
munication research? To many; it means that we try* to "get the whole 
picture" — look at all the relationships* This is sometimes trans- 
lated into highly elaborate muirtlvariatjs research ; strategies , i*e*, 
"ask more qyestions*" Any number of statistical methods may be used 
to analyze the results: metric multidimensional scalLig techniques, 
multiple regression methods, or path analysis techniques, to name a ' 
few* But, some would argue, these are merely extensions of the mechani- 
st^lc (i*e*, classical analytic) model* They are not really different 
~ they are not really systems approaches* iV 
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Buckley (1967, pp. 36-7) suggests that it is the "central 
focus on the principle of organization per se > regardless of what it 
is that organized" that makes the systems approach. - He goes on to 
say that we should find the systems approach attractive because it , 
promises to develop: 

(1) " A common vocabulary unifying the several 

'behavioral*^ disciplines; 

(2) A technique for treating Jarge, complex 
organization; 

. (3) A synthetic approach where piecemeal analysis 
is not ^possible due to the intricate inter- 
relationships of parts that cannot be treated 
ouL of context of the whole; 

(A) A viewpoint that gets at the heart of socio- 
logy because, it sees the spciocultural system 
in terms of information and communication nets; 

(5) ^e study of relations rather than lent it ies-i* ' '"^'^ 
Vlth an emphasis on process and transition 
probabilities as the basis for a flexi'blp 
structure with many degrees of freedom; # 

(6) An operationally definable, objective, non-* 
anthropomorphic study of purposiveness,' goal- 

> seeking system behavior, symbolic cognitive 
ptocesses, consciousness and self -awareness, 
and sociocultural emergence /and dynamics in 
general (Buckley, 1967, p] 39). i 

The systems approach: a focus on intricate interrelationship 
of parts; a concern with information and communication nets; the study 
of relations rather than entities; the choice of organization as the 
central. yariaj)le. . - 

But how does the systems approach work? Surely there have 
been advances in the 227 years since De la Mettrie suggested that the 
key concept was organization. 

There are a few hints. - 

• - * ■ ^ 

Karl Deutsch says that only iii the lastN fifty years have we 

seen the beginnings of new models that mi^ht help us. These^ new models 
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he says, have been the developments of "communications engineering** s 

' Modem studies of communications engineering suggest 
that the behavior of ^uman org^izations, peoples, \ 
and societies have Important relations in common 
with manmade conmunications tiet^^Ks, such as servo- 

* mechanisms, « switchboards , and calculating machinery, 
as well as with the behavior of the human nervous 
system and the human mind. It noi^ seems. possible to • t 
anAlyze and describe the common patterns of behivioi^ 
of self-modifying commimicatlons networks in general \ 
terms, apart from the (Question lather their messages 
are transmitted and their functiojis 'carried out by 
circuits of electric^ cijrrent in an electronic 
device, by chemical and neural processes inside a 
living body,?or by spoken, written, or other com- 
municatipns between individuals in an organization, 
group, nation, or' sotiety (1968, pp. 389-390). 



Rapoport and Horvath suggest that topology, showing causal 
relations as directed segments, and representing jcomplex systems as 
networks of Ijiterrelationships, is one Important conceptual tool (1959) 

In making this suggestion, they, support *Deutsch*s focus on 
networks of interrelationships. . ^ 

And finally, Ashby tells us that the way not to study^ a 
complex system is . . . <> , ^ ^ 

hy analysis, for this process gives us only a 
vast number -of separate parts or items of Informa- 
tion » the results of; whose, interactions no .one can 
predict. If we take such a system to pieces; we 
find that we cannot reassemble it ... (1956), 

much as "all the king's horses and all the king's men couldn't put, 
Humpty together agfKlni" ? 

Clearly, then, a focus on networks of Interrelatlpnatiips is 
conslst^^nt with the systems model, which looks both at the relation- 
ships, among the p^ts of the system and the ones between the parts of 
the system and the whole system. This apprbach will have to simulta- 
neously look at- the whole system and the parts of which it is made ~ 
it will have to work at both levels at the same^ime. • • ^ - 
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This network/systems approach was first applied in social 
sciences in the thirties, with Moreno^s sociograms (1934) . In the 
40 years since then, tnariy significant advances have been made, in both 
the conceptual-and methodological areas. As the appropriateness of the 
systems approach in social systems became apparent, more "aad niSre in- 
vestigators turned their attentions in this direction. WhA this new 
••field" of research is examined from the perspective of 1975, however, ^ 
it becomes clear that the "systems approaches" we have seen are only 
tentative beginnings. The conceptual basis has not yet been fully 
worked out, and this means that methodological difficulties will be^ 
many, since the methods depend on a clear conceptual foundation^ 

In Chapter Two, we will review some pf th^ methods that' have 
been used since 1934. We will be interested in ihree issues ttifere 
what the Methods do, what their conceptual "bases are, and what kinds 
of problems they have. We will then show how most of these problems stdm 
from a lack of clear^conceptual foundations^ 
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CHAPTER TWO 

V. , I PREVIOUS METHODS OF NETWORK ANALYSIS * 



INTRODUCTION • ^ 

In thlS' chapter we r evie w several methpds that haye been used 
^ to. b^^^ out the "systems-as-networks" approacli^hat was introduced In 
the last part of the first chapter. In actual applications, the model 
• translated "networks'* in genial to "communicatioii networks." The methods 
, reviewed here are thus all examples of an approach which might be called 
"communication ^etwork analysis*" 

Many different methods have been developed to analyze conmuni"- 
f cation networks. For our purposes, they can be divided* into seven cate- 
C gories: (1) sociograms; (2) matrix manipulation; (1) matrix multiplica- 
tion;. (A) factor analysis; (5) multidimensional scaling; (6) blockmodel'lng; 
aild (7) a set of miscellaneous other metbods. Of these methods, the 
sociograin, developed by Moreno (1934) , was both the eatllest and the 
most influential. . ^ - ^ 



THE SOCIOGRAM ...... 

In a sociogram, individuals are represented by points, and 
communication relationships between individuals « by lines drawn between 
the corresponding points. (A sociogram is illustrated In Figure 1.) 
By examining the sociogram for a given network, the structure of the 
system is determined^ in terms of cliques or clusters of people who com- 
municate primarily with each other. 

The Introduction of the sociogram was a major advance for the 
field. For the first time -there was a concrete way of representing* 
systems of interacting individuals. The procj^ss seemed quite elegant 
and was operationally very pimple. The graphical representation of 
group structures provided by sociograms prpved to be useful to both 
practitioners and theoreticians ^ike. For small simple systems, the 
sociogram seemed to be the Ideal tool. Despite the good points, how- 
ever, there were problems with this methods 



Figure 



A SaCIOGRAM* 




*Froin Rogers, Everett M., Park, H.J., Lefe, S.B., Chung, K.K., Puppa, W.S. 
and Doe, B.A., "Network Analysis of 'the Diffdsion of Family Planning 
Innovations Over Time in Korean Villages: The Role of Mothers' Clubs," 
paper presented at the Population Assoclktion of America, Seattle. 
April 17-19, 1975. ' - * 
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Although Prbctor andlLoomls (1951) present ^sotae guidelines 



for the preparation <|f .sociograms, there were no conceptually^ groundjdr ^^^ 
analytic techniques for the analysis of systems using this- approach. 
Instead^ analysis was eithei: by examination or by the "application** of 
concepts borrowed from; graph theory, an abstract branch of topological 
mathematics (see Harary, Norman, and Cartw^right, 1965; Flament, 1963; 
Coleman, 1964; Roby:, ;1^68; and Lorrain and White, 1971). # 

Besides^ thir lack of a soli^ cqnceptual basis, twhich would 
identify theoretically relevant goala^and methods of achieving them, ' 
thejre were practical] problems. As the s>i^e of the system increased, 
so dl^d the difficulty of analysis, so.that for systems having over a 
hundred members theJmethod was practically worth}.ess. It is virtually 
impossible to *'comprehend** a sociogram for. a system having,^ say, 200 
members. This problem was further aggravated by the lack of systematic 
procedures that ^tild lead to replicable results two independent 
Investigators, .using the same dfata, .would seldom end up with sociograms 
that were even vaguely similar. ' ^ " »^ • 

MATRIX METHODS 

Due probably ' to . two factors — „the recognition of the prob- 
lems connected with the sociogram, and the growing tendency to mathema* 
tize the social sciences — other approaches were developed^ Without 
exception, these newer methods represented network data in the form of 
matrices^ where there is a row and a columii^^f^x^each Individual in the 
system. If person I communicates with pi^r son J, a **1** will be entered 
in row i, cblumn j. Otherwise, the entry will be a **0**. The entries 
do not: hav6 to be restricted to^binary values, although this is a common 
approach (some methods requir^e a binary matrix). The discussion of the* 
matrix-based methods will be organized into three sections. First, we 
will examine each in terms of: (1) the mathematical paradigm used to 
represent the data; (2) how. the methods go ^bout finding **cliques**/ 
**groups**/**clusters**/^^>lock8**; and X3) how they define **cliques**/**grpups*y 
••clu8ters"/**b locks.** Second, we ^11 discuss the limitations >or diffi- 
culties' connected with each, and, finely, the relative advantages of 



each methcfd* Before going Into the specifics of the six classes of 
methods, a discussion of t 
them will be appropriate. 



methods, a discussion of (he "^mensions" along which Ve Will analyze 



1, Distance vs> Linkage Models ' ^ — ' 

By the '^mathematical paradl^ used to represent the data^'' 
we meahs^nd of two that are used ~ distance models and linkage models. 
In the former, raw network data (who is connected ^to whom) a^ trans- 
formed to give a matrix of "similarities" (correlations}! or distances." 
These "distances" are defined only in terms of the mathematical opera- 
tions used to compute them. They are not distances in terms of either 
actual physical distance or of the ntunber of steps necessary to .send a 
message from pne node \b the other. Two nodes are similar (close) if 
their columns^ (alternatively, rows) in the^soclomatrlx are similar 
(correlated). In order to transform a similarities matrix into a dis- 
tance matrix, the elements in the former, which ustially r^nge from 
0.0 (complet^^ dissimilar) to 1^0 (identicalX, may be inverted &d 
decreased by 1.0^ Thus, a similarity of 0.0 will become ^, or infinity. 
Infinity minus one is still infinity. Thus, two nodes with completely 

dissimilar columns (roWs) in the sociomatrlx wlM be infinitely far 

* .1 

apart in the^distance matrix. A similarity, of 1.0 will become - 1 ■ 0. 
Two identical-columned nodes are separated by a distance of zero.. 

In, contract to the distance approach, the linkage approach- 
uses the raw sociomatrlx, either as it is collected, or in k binary ° 
form obtained^by deleting either weak ^inks or non-recipropated links, 
or both. Thus, a linkage ema|rix. (sometimes called the adjacency matrix) 
may either be binary or continuous, with .higher valued- referring to 
j^stronger links. • . 

^ The differences between the two approaches^re several: 



\ 



(a) The dis^toce approach requires a full matrix (i.e.^ there 
is a value for every pair of elements in the system) , while ^the linkage 
method doe& not (i.e., an adjacency matrix may be large^^f^ empty, sig7 
nifying the absence of relationships between man^^airs of nodes).* . 
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(b) In a sense, the calculation of the distance matri^ev, 
creates new information — information about pai^s of elements nob - 
directly related to one another in the* taw data. At the same time,*. 
it loses much information. It is ImpossibJ^e to reconstruct a unique ' 
adjacency matrix, given a distance matrix ,J9i^cause it is not possible 
to tell \rtiether br'not any particular pair of nodes is linked — duly 
how similar their sets of links are. Iti fact, it is quite possible 
for a |>alr of nodes to be very "close" to one anothei:, and yet have no 
direct contact. 

(c) The two .methods involve different scaring processes. 
The linkage method can use nominal, ordinal,^ or ratio level scaling 
with appropriate choice of measurement instruments. (Nominal ; Who * 
do you tallc with? Ordinal ! Rank the pfeople in the system in order 
of frequency of contact, so that you give the person you spend the . 
most time with a "1"; the person you spend the next largest amount of' 
time wlth^ a "2"; and so on. Ratio ; Please indicate how much 'time, 

in hours, you spend with each persoil in^a typical month.) In* contrast,^ 
the numbers bbtalned^wlt^ a distance method may be ordinal, of possibly 
(doubtfully) interval, but not ratio. Infinite distances arje ^specially 
troublesome . • 



2 . The Definition of Group 

All of the matrix*based metho4s identify some, kind' of "cliques 
"&rou^'7"clusters'7"blocks."' 'The term '"cliques" was originally applied 
in soclometrlc studies where liking or disliking relaliions' werft of 
interest. Because the term "clique" ^has affective yconnotations, the 



Lique ^has t 

term "group*" is used here, as it/is felt to be somewhat "cleaner" con-' 
ceptually. Similarly, the term "clu^er" is not used because 'it carries 
less of the meaning we desire than the more desi^rlptive "group." 
J^Blocks" are a special kind of cluster, and will be. discusse'd with the 
blockmodel proces^. In this comparative discussion, then, the '-term ^ 
"group^' is usecl as a general term which subsiimes all the others. / 
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^ There are at least five distinct types of groups that are ^ 

used in these methods, of analysis. Since the definition of group 
varies fxota method to method, the particular definitions will be pre- 
sented with the discussion of the methods. 

3. T^je Method of Identifying Groups 

Since all the methods* identify groups (or at least detect 
them). they must all have a process or algoritLi for doing this^ Four 
different approaches to this process can.be identified. ^ • ' V 

(a) The method of division. The entire network is divided 
into two parts. Each part is th^ divided into two more parts, and so 
on, until the desired "fineness" is reached. 

(b) The method of agglomeration. Groups are started witli ' 
a "seed" — a node which is chosen because of 'some characteristic like 

, a large number of links. Nodes are identified and added tb the seed 

by a variety of methods, until no more no4<s can be found that fit the 

♦ 

criteria. The result is a group. 



(c) The methods of trial and error > 1) Rows and columns of 
^ ' > 

the adjacency matrix are simultaneously permuted to give a specific 
type of ordering which allows groups to be readily identified by eyeball 



inspection. Re-ordering rules be informal, thus the "trial and 

s * 

error" name for this method. 2) In the case of factor analysiji and 
some hierarchical clustering methods, a family of , solutions is obtained 
and the "best" oneisyped; the others, ha^^ng been tried, are rejected. 

i^y The method loosely called overall pattern recognition. 
This is the method used in the analysis of soclograms. It is also used 
in -the matrix-based methods in 'Several different forms. The adjacency 
matrix (or a similarities matrix) may be reorganized in some way that 
groups are readily identified, either by inspection or by some process 
that is somehow analogous to "looking," at the whoie^y stem'.* 



*The method presented in Chapter Eight uses such a technique, overtly 
modelled on human perceptual processes. 
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THE "METHODS 

With this introduction in mind, we can now mova^ to an exami-* 
natioh^f the various nie|:hods« 





1. Hatrix Manipulation (Forsyth and Katz» 19,46; Beum and Brundage, 

1950; Jacobson and Seadhore» 1951; Weiss and Jacobson; 1955; 
Borgatta and §tolz» 1^63; Coleman and MacRae» 1960) 

This is a linkages-based technique named after' the method used 
to pfepare the data prior to Identification of groups. In this pro- 
cess » rows and columns of the sopiomatrix are simultaneously permuted 
In such a Way as to move as many of the non-zero entries as possible 
close to the main diagonal of the matrix » If there are any groups » ^ 
they will be visible as clust^s of non-zero entries » as shown in 
Figure 2» Groups are the sets of nodes whose colimns and rows are In 
these clusters* They are loosely defined as sets of people wh5 inter- 
act more jwith each other than wlth'^ people not in the grbup* Group , 
detection is by visual inspection » so this is a pattern recognition 
technique. - * ^ 

2. Mat^rix Multiplication (Festlnger, 1949; Luce and Perry, 1949; 

Guimaraep, 1970) 

Thia binary llnkage-baped method allows groups (cliques), tp 
be detected by a^process involving tkte raising of the raw sociomatrdx 
to successively higher dnd higher powers, which allows the two*-step, 
three-step, \ • • , k-step indirect paths linking individuals to be 
identified, as well as the original one-step links* This process 
allows individuals to be assessed^ for their Integration into the 
system, since it allows both direct and indirect links to be counted* 
Although this method, allows the presence of cliques or groups to be 
determined, the number of groups and their membership is not speci- 
fied. The concept of "group" is not clearly specified here, since 
groups are only dete^cted — not identified — byTthis method. ^ 
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2j^d ]^-^RDERED MATRIX 



3rd RE-ORDERED. MATRIX 



(a) shows the original adjacency matrix 1,D» 0); (b),,(c), ^nd 

(d) are t;he matrices resulting froiJt successive re~orderings of rows 
and coluimvs of the original matrix. In (d) the cliques are identified 
as blocks of non-zero entries on the main diagonal. 



3 ♦ ' Factor Analysis (Holzinger and Harmon, 1941; Block and Husaln, 
^ , 1950; MacRae, 1960; Tyro^ and BailTey, 1970) 

Two techniques employing factor analysis have beep used 
direct ]^actor^ analysis of soclometrlp. data and factor analysis of a 
correlation matrix" consttucted^^from th^ iraw soclomatrlx* Both factor 
analysis methods construct new dimensions corresponding to variance 
patterns; where sue^^esslve djtmenslons or factors account fori as much 
of the remaining variance as Is possible, iislng linear combinatl<2ns of 
the varlalrles (which are people 1^ the network) • ^laih^actor Is then 
a clique or::^roup, when an appropriate arbitrary cuttlx^^int is qhosep 
to discriminate between members and non-members (nodes loading ^Ighly 
or nodes not loading on a given factor). These are\dl8tanj:e methods, ^ 
where the method df clique identification Isv^ c^^iGl^aHon of ^t^jUal* 
and error and overall pattern recognitlo^* (The factor analy^s pro- 
cedure "looks" at the whole det of data and extracts patterns as 
factors*) 




4> Multid^ertelQrial Scaling 'Methods (Torgerson, 1958; Shepard, 1962a, b; 
KruslqaJ^ 1964;. Motton, l959;^Gee, 196^^ Guttman, 1966; . 
^ll^d^ and Roskam, 1971) * i 

v^ltidimensional scaling techniques (both metric and non- 
metric) attempt to Idenl^ify groups from the soclomatrlx by employing 
iiyeasures^of the Vdistance*' between the points in ay^o^iometriC space." 
To ulse th^se methods it is necessary to d^ermlne ^rst the "minimum 
dljnension^it^" of the "space" and, ^^cdnd^the projectloils of eat 
observation onta the dimensions. S^ce the data m\^t take the foi 
of distances between persons, the dlipenslonal ans will represent 
characteristics of the i^embers of the cliques, father than fctual 
""munication behaviors (Lankford, 1974, p« 293) • ^ Groups, then,yafe bdbs^d 
Hs^i the projections o£ original observations onto theVew d^ensions. 



erJc' 
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5. Blockmodelllng Methods (White, 1963, 1961 , '1970, 1974a,b; Lorraitf 
and White, 1971; White and Breiger, 1973; 

Breiger, Boonnan, and Arable, 1974) 

Blockmodelllng methods may^be either distance-based or linkage 
based ♦ We will discuss here only the linkage-based applications, be- 
cause it is not clear just how the distance methods^ work or -what they^ 
'do.> With blockmodelllng methods, the aim is to^permute, simultaneously 
the rows and cplumns of either the two-dimensional binary adjacency 
matrix or a three dimensional matrix created, by "stacking" the matrices 
for several different relationships, in ^uch a. way as to facilitate the 
^i^ntification of "blocks." A block is both a set of network nodes 
having siiailar 'relations to nodes in other blocks and an area in a ^ 
matrix (a submatrix) -identified with those nodes. Thus, all the^ 
members of Block A, for example, would be characterized as being 
asymmetrically reject^ by members of Block B. ^ the other sense, 
that of a submatrix, there are three kinds of blocks: those having 
only zeroes as entries; those having^ some ones; and those having all 
ones. ' Iijublockmodelling, only the zeroblocks are of interest. These 
are made as large as possible by permuting the rows and columns. An 
ordered matrix divided^ into blocks is shown in Figure 3. 

Blocks are unlike the other kinds of- groups we have seen so 
far, in tliat "there is no implicatitto that the members of a block ' 
cooperate or coordinate with one another.' In fact, the individual^ 
In a "block need not be coniiected at ail to one another ..." (Breiger 
et al., 1974, j>. 10). ' , * 

^ In a sense, then, blockmodelling is a way, of categorizing the 

members o^ a system on the basis of similar interaction patterns^ Thus, 
"it is clear that blocks need not be cliques in the standard graph- 
theoretical sense or any of ^^.4any sociometric generalizations" 
(Breiger et al. , 1^74, p. 10). 

The matrix is re-ordered on a trial and error basis. Blocks, 
are identified by inspection; this method is thus a pattern-recognition 
technique. ^ ^ 
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Figure 3 

V • IMAGINARY D^TA ILLUSTRATING • 
BLOCKMODELS, LEAN FIT, AND ZER0BLOCK§* 
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(a) a fiotJLcious adjacency matrix 

(b) the samie matrix,. permuted and partitioned to reveal zeroblocks 

(c) a blocki9odel showing relations betweeq and within the groups created 
by the partition \ 

. *From Breiger, Ronald L.,- "A Blockmodel Study Af a Biomedical. Researck 
Network," American Sociological Review (FebruaA 1976). ^ 
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6> Miscellaneous Methods 

Included in the set labelled miscellaneous is Hubbell's (1965) 
method which raises the soclpmatrix to the pth power, and sums all p 
matrices. This is a linkage method, with unclear goals for group defi- 
nitions. It seems to fit best In the, pattern-'recognition class of 
methods. \ . 

Another method in this set is McQuitty's linkage analysis 
(1957), which is distance-based method,, working as it does with a. matrix 
of asspciations (similarities). However, this method does not function 
like other distance methods; it looks rather like a linkage method in 
the way it detects (builds) groups: 



A Linkage vis defined as the largest index Df assor 
elation which a variable has with anh or all of the 
other variables, ^ch a linkage definition excludes 
^overlapping of cliqli^s and isolates. The method 
first joins the reciprocal pairs and then draws in 
all other remaining unilateral relations, which 
McQuitty calls clique 'cousins.' Correlation was 
used ad j|n index of association. 

Steps in the analysis are: 

1) Note^the highest entry in each column 

2) Note the highest entry In the" entire matrix, 
develop the first pair. A, B. 

3) Read'across the rows A, B, selecting any 
underlined entries as clique meoibers (first cousins) . 

4) Read a^^s rows of the first cousins, 
selecting underlined entries as second cousins. 

5) Search for third* and higher order cousins. 

6) Excluding all persons already classified, 
repeat steps 2 thru 5 till all persons^re classi- 
fied (Lankford, 1974, pp. 296-7). ^ 



McQuitty* 8 approach is clearly an agglomerative methods, with 
post hoc def lnlt:i<m;8 of groups as 'H^hat the method produces." 

This pverview of methods is not exhaustive of all the methods 
that have been used. It does, . however, cover the major ones. 

Problems - . ^ 

If any single conceptual weakness, is conmon to all the methods 
discussed above, it is that there was a consistent failure to specify 
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what the analytic 'goals were before choosing an analytic method* Thus, 
investigators seem to have let the method provide the definition of 

group, rather than l^t the analytj«p method, be shaped by the preconceived 

' • 

notion of what they were looking for* Therefore, In factor analysis, 

a, group Is^ a 'factor* In multidimensional scaling, groups are what the 

scaling routines prbduce* ^ "^^^ • 

When the goals ofianalysls are not clearly specified. It be- 
comes difficult to establish guidelines that wUl allow different tech- 
niques to be judged for Validity* and accuracy^* Moreover, It, Is difficult 
to justify a decision to. go for a ilnkage-based method ove^r a distance- 
based method, or to use pattern-recognition techniques rather than' 
"^devisive or agglomeratlve technlqul^s. If there is no clear conceptuali- 
zation of the delation of the data to the original system or to the final 
description of the system it is Impossible to know 'which kinds of 
operations on the *data will be legitimaite and which will not *' Finally, 
a clear conceptualization will help by providing clues as to how to set 
up an algorithm that will provide fast, useful, comple^ results* 

This fundamental weakness seems to be the ultimate cause for 
most of the more concrete difficulties experienced by users of 
the methods discussed here* W$ will discuss some of these problems 
below* . ^ 

^ The "most universally encountered limitation ^is one of ^ze* 
Sociograms* are good for up. to about fifty-person networks* Matrix ^ 
- manipjulation and multiplication are good for up to about three .hundred** 
The ultimate solution to this problem is to realizf^' that in very large 
systems most of the possible pair^ of nodes thaj: could be related are 
not* Thus the sttorage of an entire matrix is wasteful of storage space* 

The second major "problem is in interpreting the results from 
rgutines originally designed for oth6r purposes* This is a major 
fault of factor" analysis," multidimensional scaling, and some other 
distance-based methods* Related tp this difficulty is the fact that 

♦Although lar'ger computers with virtual storage seem to provide an 
answer to this limi-tatlon, this is not the cade* While it miy be 
possible to store a virtual matrix for a few thousand personal swap- 
ping and paging requirements would make execution times* excessively ^ 
long. . ^ . 
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many methods simply do- not produce useful results. Matrix multiplica- 
tion^^for example, can only detect cliques — it cannot identify them. ^ 
That^^B, it can Indicate whether or not there are any cliques, but it 
does^c^npt tell either how many cliques there are or who their members 
are. 

^ ; ^ The trial and error- methods, as^ well as many of the.pattetn- 
recognition techniques, may be faulted for their lack of formal analysis 
rules. Again, this stems .from the lack of clear conceptual foundations. 
It is difficult to tell someone how to accomplish a task if the task 
itself is not understood,- ^Let alone if it is npt clear when the task has 
-been successively accomplished. ^ ' * ' * 

A brief listing of the difficulties encountered with each of 
the methods discussed above follows. 

1. Matrix Manipulation " . ' 

(a) Size limitations. Not practical for over. 300 person 

networks.' 

(b) The rules for some manipulation techniques require m^m^ 
subjective decisions" and are not explicit enough to^ allow computeriza- 
tion, v^lle other methods, which have^been compi^^erized, are very ex«- 
pensive to execute, requiring inordinately long computation ti?ies (see, 
for example, Beum and Bnindage, 1950), 

1. Mat Ax Multiplication 

(a) Subject to the same size limitations as matrix manipula-s. 

tion. 

(b) Does not identify cliques. 

(c) This "awkward and very restricted" method only works for ' 
binary matrices, and handles only mutual choice (Lankford, 1974, p. 288) 

* * ^-^^ 

3. Factor Analysis - • ' . _ , "^^^ 

(a) Suffers from similar size limitations ai the eajri^ler 
matrix methods. , ' 



I ■ . ' 

(b) The two computational stages of this method, factoring , 
and rotation, consume larg^ amounts of , computer time relative to other 
methods* 

(c) The^assigxment of nddes to groups is so^wKst arbitrary 
since tbe investigator must ^choose the size of the factor loading to use 
as a cutting point, ^s well as the nunKber of factors to rotate. 

- / ■ . ' . '-^ 

(d) The results obtained from factor analysis -are difficult 
to interpret and use as descriptions of actual communication behaviors* 

. \ , , • 

4* 'Multidimensional Scaling Methods 

(a) These methods suffer fporn the same siz.e limitations as 
factor analysis, and use even more computer' time to execute*. 



(b) The final results itre riot at all close to the original 
data, due.^^^|he many complex transformations that are made on the da 
* *W^^d^,' 'Ea^ (1974, p* 301) criticizes this method as being 

^ "roundibodt;?'. 



* (c) The determiiiation of groups is not a clear cut procedure* 

(d) As in factor analysis, the results are difficult to 
utilize and interpret* Lankford says ^tjiat 'Wltidimensional scaling 
has proved to be a very inefficient method for clique identification 
both empirically and logically" (Lankford, 1974, 301)* 

. • . / . ■ 

v5* Blockmodelling Methods ^ 

(a) Suffers from s3Lze limitations similar to those of matrix 
manipulation* * ^ • , 

(b) There are no clearcut procedures ' for putting the adja- 
cency matrix into the formmeeded to* construct a .blockmodel* The pro- 
cedures used by the originators of this method arS^Wescribed as^ "trial 
and error" (Breig^r et al*, 1974, p* 11)* . . ^-^^^ 
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(c) Th^ relation of blocks to actual groups or cliques is 
unclear, and may vary from case to tase. This method seems to be more 
of an individual; level of analysis, although it ^oes function in the 
context of the/larger system. ^ ^ ' 

6> Miscellanepus Methods (The set ^ of other methods, including Hubbell's 
and McQuitty's. methods) ' ^ . 

^ (a) Suffer from similar size limitations as matrix m[ultiplica- 

tion methods. - 

(b) Seem to not work reliably, sometimes' producing breakdowns 
into grou^ and sometimes not (Lankford, 1974, pp. 295-6, 296-7). 

' (c) Fail to clearly state the goals of analysis, resulting 
in ambiguous or vague relations between results and raw data. 

Relative Advantages 

The new methods. promised many benefits and were able to deliver 
on some of these promises. Ttie sociogram provided a way of graphically 
representing network structures. The matrix techniques provided a 
mathematical format for the data, and offered investigators a more highly 
structured way of representing complex situations. The power of matrix 
Representations of oth^t' kinds of data in other |k^nds of situations 
promised to be fruitful also In the social sciences.' The similarity of 
soclograms and formal graphs (in the topological sense) led to the ap- 
plication of graph theoretical concepts* .to communication networks. One • 
fallout of the use of graph theory is the mtrix representation' of fehe^ 
network, since matrix representations of formal graphs had proved very 
useful. ' 

■ ' . • . •/■ 

ON MATRIX REPRESENTATIONS ' 

The matrix is an especially powerful form of ^ mathematical 
notation. Using matrices, one can speak of sets, of relations amT^pera- 
tions that would be prohibitively, cumbersome with less sophisticated 

* . / ■ i/ 
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notations. The "condensation of leaning" (Brown, 1969, p. 81) into " 
matrix operators is what makes them so powerful and elegant* It was 
the hope for an extension of this same power and elegance that led to^ 
the use of matrices in sociometric and network situations* 

Compared to compli^ted and unruly sociograms, matrices* are 
very well-behaved indeed* In a matrix. the numbers^ are arranged into 
neat rovi^p»^and columns,* and even the order of the tows and columns 
carries meaning* It is easy to locate any particular element in a 



matrix J sltply by^iving its subscripts* 

-dL This ease of location' and, manipulation wa& probably one reasoi^ 

matrix representations were favored in computerized programs for network 
.analysis* Most of the popular scientific computer languages that are 
good for numerical work, like FORTRAN .or ALGOL, are arranged around 
array struetui?es* An array is a matrix of one, two, three, or more 
dimensions*^ Elements in arrays are referenced by means of subscripts, 
which may be orderly varied by simple computer statements like DO<*loops* 

Thus, matrix representations became popular early, and became^ 
more deeply entrenc|:ted with the advent of , computers and computer pro*- 
grams* This popularity can be seen with a quick analysis of the tei2h- 
niques available in the field — with the exception of ^ the sociogram 
and the method presented in Chapters Sev^n and Eight, every one on which 
Information was 'available used nmtrlx representations* 

Although the matrix r^Msentations did offer much In the way 
of utility and theoretical promise over the simple sociogram, and 
although they did allow a host of different kinds of analytic techniques 
to be tried, they may have hindered progress in the field* They seem to* 
be so ideal and "natural" that there was little tendency to look for 
other ways of representing networks and performing analyses. *^ 

The use oi matrix representations was symptomatic of a deeper 
problem, howevgr* ^T h i s deeper problem has been discussed already ~ it 
is the lacl^of clear conceptual foundations* In one way or another, all 
of the computational difficulties listed aboVe for the various methods 
can be traced to this one fundamental lack* It is^ this artt^cedent prob- 
lem that we focus on in this thesis* The position taken hefe is that 
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a better understanding of networks will lead to better w^ys of studying 
them, ^ich will lead not only to better access, 'but also to more power- * 
ful theory about how networks work. 



EXTANT DATA ^ \ ' ' ' 

In spite of the difficulties mentioned above, massive amounts 
of Empirical data have, been gathered^ on communicatfion networks. These 
data come from a large number of studies, most of which were experimental 
or quasi-experimental laboratory studies. The. studies themselves \^11 
not be Individually reviewed^, here , $s there are already several 
extensive reviews in print (see, for^^x^ple, Collins and Raven, 1969)./^ 
Two considerations, howler, preclude i^e use of most, of this empirical 
information. *The first is that almost.^all of these investigations were 
done on systems having three, four, or five^ members . Two serious prob- 
lems stem from. this choice of sm^ll sizes. 

(a) There is neither conceptual nor empirical' agreement' 
whether generalization is possible across these three group sizes. 
Investigators not only get different results, but they cannot agree 
on how to define certain situations across group sizes (Collins and 
Haven, 1969, p. 147). ' 

1^ (b) Findings based on systems having five or les^s members 
in a laboratory situation cannot possibly be extended to real function- 
ing systems having several hundreds or even thousands of members* 
Jive-person groups are simply too small to^ allow the^kinds of things ' 
commonly observed in large systems, such as hierarchical organization 
t9 occi\r. In addition, the systems tised in this work hpve typicajly 
had lifetimes of less than two hours. This temporatiness can be con- 
trasted with most real-world systems, which have been evolving and 
growing for years. Certainly, a group of several hundred people w^o 
have been working together for* many years is hardly* comparable to a 
group of five students who have been working on a puzzle for a few \ 
minutes, or even to a small group experinmnt lasting three days in a 
\simulated fall-out shelter. 
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Second, according to Collins and Raven (1969, p. TA?)', an / 
unfortunate state of affairs is "prevalent throughout .the entire commu- 
nication-net literature .y They say, "I^ is almost Impossible to make 
a simple generalization about any variable without finding at least one 
study to contradict the [generalization," and go on to suggest that "in ^ 
the light of the massiveNs^fusigjr present in the .ilt^ature, the' time ^ 
may well have come to tighten our statistical belts*" They feel tlia^t 
the unreliability of the findings is du€ to the "liberalness with which 
most ^investigators have treated the traditional .05 leVel.'^ They seejn 
to be Xaking/an approach \jh±ch says, "we're sure there's something there 

we just haven't looked close enough." - . , ^ 

/ 

CONCLUSION 

A major point of this chapter is that we've looked neither in 
the right places nor in the right ways. This point will be -extended iii 
the next part, where we will expand the conceptual paradigm upon vAidi' 
the methods we discu&(sed in this chapter were based, by examining the 
entire problem of , complex systems from what might be called a "naive? 
perspective. That iij^e will attempt to ap^oach the sit^iation With' 
as few preconceived notions as posd;^le so that,, perhaps, our appiro^ach 
will be fresher and, ho^gfullyi^ more' fruitful. • ' ^ 

lU/^rt^Jfto, then, we\w£ii. be' looking for answers to three 




What are we looking at t^i>e.> what ^ra. complex communi- 
cation* systems? How are^thcise systems organized? How 
do they come to func^oa^s coordinated units, when none 
of their characterierl^^f^^ties are seen in their 
component parts? How ar^. t mX part s related to one 
another and to th€f^wHo|j| ay^&mJ 

(2) How do we IdScT^Nt.e. , w>w, in*^'^ei\pral, ' are the processes 
of observation , and descAptlpn carried *^out? How i^oes the 
relationship^ between thA ol^erver and the system being^ 
observed inf^fuence the processes^ of observation and ' 
description? What happen^ the system being obs^rvdd 
is complex and multi-leveiad? . " 

Y > • 

(3) iWhat do we look for? When we combine an' understanding . 

of .some basic systems principles with an awareness of . 
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how the processes o£ observation and description work, 
how can we structure the investigation process so as to. 
gain as much^ useful information about complex systems 
as pos&ible? In other words, what will we be Rooking 
for when we study con^lex systems? 



The answers to xhese questions will provide the basis for a 
Coherent systems apprpach^^to the study of complex systems, viewed as 
networks of interrelated parts, tn the Ikst sections of Chaptet Five, 
we Introduce a procedure for performing this type of analysis — GASSICS 

a General. Algorithm for Studying Structuring In Complex Systems. 

* 

In Part Three, we will discuss an initial operationalization 
of the first steps of the GASSICS procedure. Even though the procfe-) 
dures presented there are very complex, they only take us through the 
earliest stages of a complete -systems analysis. /Later stages 'will have 
to wait until much more data than we presently hav^ is collected and 
analyzed; until much more theoretical work is completed; until more 
sophisticated computer programs are written to perform the necessary 
analyses. Since this Is the work. of many years, only the first stages ^ 
will be iitcluded there. 

Iri the fourth part, we will present an example of this method. 
We will perform an in-depth analysis of the structure of a large-scale 
communication system. This analysis Illustrates the use of some of the 
procedures described in earlier chapters. ^ 

Finally, in Chapter Eleven we vUl look toward the future to se 
where the logical next steps should be.. - Here we will, be trying both to 
anticipate and direct further work In this area. While we cannot yet ) 
tell what the results of ongoing research will be^ wfe are aware of some 
limitations to presently available methods. An analysis of thes^e limi- 
tations will suggest ^eciflc areas that need more work if we are to 
continue to make rapid advances in this field. ' y 



PART TWO 
CONCEPTUALIZATION 



In the first Part ve discussed the evolution of the basic 
paradigms used to structure approaches to the^ stud; of social systeas. 
The discussion of conceptual aj^proaches in Chapter One was folloved 
in Chapter Tvo by a description q)t the operational techniques that are 
use4 to perfom'the actual analysis. * ^ , ^ 

While most of the nethods d|iscussed in Chapter Two .vere far . 
superior to the earlier organisst^ or mechanistic approaches , none was 
ideal. Even the best of the methods » in terms of efficiency or appro- 
priat6nM8\ had proj^ems. We identified one problem ds conson to all 
the earlier methods --Jk^ck of dear^onceptual foundations. We 
showed in Chapter Two m^^^bis most ntndamental weakness led to a 
plethora of problems — vague analytic goals » unclear standard^ to use 
in joidglng analytic methods » Inefficient techniques » unclear definitions 
and a large set of points over which no general agreement has been 
reached. ^ ' ' 

Examining the conceptual void more closely, we pointed out 
the necessity ^o obtain a better undets tending of the|form of (ht 
system we want to know and of the processes by which ]ve gain that know-^ 
ledge the processes of observation and description. 

In the chapters, of this Part we start out at' the beginning ~ 
with a re-conceptuall2ation of the concepts fundamental to the study 
of systems.' We be*gin in Chapter Three 'with an analysis of the form 
of systems. Form Is^ the ultimate basic. The discussion moves into 
otfaier areas then,. with tihe introduction .of concepts one step away from . 
form — constraint, interaction, and elements. This is. all still 
the level, of simple systems. With the introduction of emergent proper- 
t:les — pr^o^rties due ^fo the interaction of elements, we move into the 
realm of^cfmpltx multiple-leveled systems.. Tfie same basic concepts are 
discussed in this new context, and the l^>lications are «x]jtlored»^ The 



dl8CU88lon of interactions between conplex s^j^l^eas ends with the con- 
cept of infonuttiocv^ which appears as 4 shorthand way of describing a 
. whole ^(^ass of Interactions. 

, o Chapter Four examines the processes by which we gain access 
to fom — the jproif^slses of observation. and description. The develop*- 
aent of, this chapter is parallel to the developnent of Chapter Three. 
We be^ln >rith an examination of the concept of description. This is ^ 
seen as a process of drawing distractions, based on differences per*^ 
ceived in the form. The form of descriptions is etamlned and related 
to the process o^ observaticn, which allows the differences upon which 
the description's distinctioYis are based to be "seen.*' This is all 
done^at the level^'of simple aystems. Again, with the introduction of 
eaergent propertier^and compi^ systems, we move dnto a new realm — ^ 
that of alternate descriptions. 

The processes of observatipn and description In complex 
multi-leveled systems arej logically very coiqplex. We »plore the ^ 
ramifications pn the basi^ ideas In this conpiicated* situation In the 
context; provided by the analysis of ^Chapter Three. Since all obserr 
yation processes 'are Inteitactlon processes', and since the observer 
is himself a system, tl^e observation process is' limited as ake all 
interaction processes between* complex systems. |hese limits,- together 
'with the ones inherent in ^he process of description, place llmlts\on 
^the way complex systems ma]^, be -approached. The chapter ends with i 
discussion of ^ese limits kn the. context of alternative descriptions. . 

Chapter Five piclcji ^ap at this polpt with an examination of 
Structure as the appearance! of £orm» If 'form is what Is ,^ structure is 
what the observer sees. Agfln, we go back to.basicV, this time tp 
constraint and form.^ We develop the relet ion^ betmeen form and Tts 
appearance; and here the cmtrality of constraint is unique. The kinds 
of constraint that can be observed vlll deteriklne what cap be said 
about the system being ^udied. "Propirties" are based on constraints, 
and thus contralnts determine properties'^ The iearch for understand- 
lAg is thus a search for codstraints', which, appear' to observers as 
different kinds of structurlnJs, in both space imd tlaie. 



Vhea ve pull oa the common thread, running through ,the dls-* 
cusslon in Chapters Three, Four, and Five^ %re get a ^general approach^ 
for atudylng complex aystema. The ,atarti!kg point la a'ti^cturlA^ the 
appearance. of constraint* We call the procedure that falls out^^ the 
diacuaaion a General /dsloritfam for Studying Structurlj^ in Coflq^lex ^ 
Systems — GASSICS« The introduction of this procedure ends ^he last 
^Ijl^pter of Pfrt Twd# • 
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CHAPTER 1HREE 

i'he fob^ of systems 



imODUCTIOM ■ , - 

We have seen so far hov peop^ have tried in the past to 
analyze the networks of lnterrelatli^hi{>s sMmg the aedbers of social ^ 
systdu. He identified tlje sain problem with these approachies as a 
conceptual one. Indeed, there was rsBarkably little in the way of . * 
solid coopeptoal fogndatipn for thia approach. We can look to the field 
of "systSM theory" to find Just the opposite situation. Here is a 
"theory" ~ a very successful one, if- judged in terms of popularity ~ 
with no Methodology (at leaat, not aa it has been used in the social' 
sciences). It is difficult to think of a traditional scientific dis- 
cipline in which this "approach" has jibt been "applied." Biology, -^ 
psychology, sociology, «itlu:oi>ology» aedicine, psychiatry, political 
science, and eeoaoidLcs are only a few of the areas that have used the 
concepts of the "systUs approach." In spite of the very' wide set 
of areas using the cokcepts of systems, th^e are serious probleas, 
both ifith the. "theory "^of systSM theory, and with the jwthodology 
available to investigators who wish to apply the couQepts to their own . 
areas of interest'. 

Wt are Interested here in a' particular kind of systaa — the 
huMm c n —iiii l cation systcii, in which the basic process of control and 
coordination «f thi^ parts is ciiiniit cation. How, a concept central td 
the study of coMunication is the 6ne of Inforaation. All caanmica-^ 
tion processes are at thair core information processes. Inforiaation is 
what is c n— iii l cated. Without Infonution there ^rm> i, i:— wulcationl 
The study of n — iii t catiott processes is thus the study of inforMtloir' ' 
processes.' — ^ ^ , ' y 

Indeed, inforkatioa is such a central concept 4;hat a whble 
"theory" hap beenTmilt around it, called "infonution theory." Bare 
ag«ii^> hdw«ver, fhera are probleas. The ''theory" of inforaation is 
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Incomplete and aablguous. Different people have different Meanings for 
"Information." There la no "general* theory af lnfo?r«Atlon/ information 
processing." Most discussions of In'fonuttloo processlnl^ seem to be 
either case studies^ precluding generallzatloiis to other csMis, or else 
at such a high level of generality* that they say nothing about every- 
thing. The central concept of vhat Is usually called' "Information 
theo»y" (S&ann55"^<l Weaver, 1949) ~ Information ~ Is a strange con- 
cept Indeed. The "theory" provides elegant mathematical tools vfalch 
can be used to measure the amount of Information, but "Only the 
aaduht ... Is measured ~ the amount does not specify the , con tent, 
value, truthfulness, ^excluslveness, history, or purpose of the Infor- • 
matlon" (Miller, 1968, p. 123). Ve can only se]^ hov much there, Is, 
and even this only In a highly restricted context. The theory does 
not clearly say exactly vhat ^ this "Information" Is, In terms of vhat 
It does vhen It jgeu Where It Is gojjltt or hov^lt got xo be the vay 
it vas. Because the' theory ' Is not veil develos^d* a rlgorouf metho-v • 
dology for^studylng Information processing syst^^MH^lns to be seen. 

A fev attsaq)ts^ ^P?lj Information theoret^^pnce^ to 
human communication situations have been made (see, i 
Gamer, 1962 ; and Danovski, 1974). In many of th^ 

cation" ^consists merely of> the use of the information 'tMiCLc as a 
measure of varianoTat ^ nominal Ij^vel: **Hov much uncertainty is ^ 
there in this situation, vhere ve have X altemitlves ylth probabilities 
of Pj^, ... Pj^?" • ' ' ^ 

The use of "information theory" as an. approach to gain a 
better understanding of the communicatiom proceis as an information 
process, in (scientific) theoretical terms, has nqt be^n seca. This 
is to be expect^, given both th^ra^itional orientation for communi- 
cation research and the a-theoretlcal nature of^ "information thedry." 
▲t this point many vould argue that. the advent jof "systems theory" vlll 
change this. Ve agree that the systems approach is most promising, but 
this is an area that is almost as young as "informatipn theory"; and 
it suffers from many of the same kinds of problems as the latter* 
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Although aore people have written about ayatema or ayateu 
theory than about information theory, the key concepta have yet to , 
be dravn together in a way that providea a conaiatent ayatema metho- 
dology. Hany vritera uae the vocabulary of ayatema theory in their work 
and are able to prorvide more elegant deacriptiona of complex phenomeiy 
than could be had with aore traditional analytic approachea. Indeed, 
concepta like goal-^irectedneaa are hard to deacrlbe vithin the tridi- 
tional linear fraaevork of mechaniatic alienee, vfaich haa been ao very 
successful in the physical aciencea. The vocabulary alone providea 
concepta that baniah ayaterioua vitaliatic forcea like entelechy and 
replace them with reapectable cybemet^ control mechaniami and 
emergent propertieaTvhich have clear foundations in the parts of Which 
the syateas'-in i^ch they are aeen are made. 

The vocabulary alone is not enough, however.^ With the neir 
concepts ve need new vaya of looking at thlnga — ve need a nev 
methodology — nev toola. Nowhere ia thia more evident than the 
aoclal aciencea. People aay '*He muat take a ayatema approach," but 
thia aeema to mean **Wa muat apeak the language of ayatema." There 
are no methoda that were developed in the context of ayatema theory, 
no techniquea whoae aaau^;>tiona are conaiatent with the aaaumptiona 
of ayatema theory. Up to now, the beat we have been able to do with 
theae ayatems concepta, aaya Deutach (1968, p. 390), jLa |iraat them ^ 
qualitatively, by recognition or deacription« We have no quantitative 
methoda. Why ia thia the caae? 

^ • *> 

One reaaon, perhapa, ia becauae the machanica of the pro- 

ceaaea of obaervation and deacriptlon, which include the meaaurement 

and analyaia of data, have not be^ conaidered to be aa ^iq[>ortant in 

the ayatema ait^tion aa they really are. Our preliminary formulation 

auggeata that theae proceaaes are much more complex than haa been 

rec^izad. Thia ia especially the caae for infoptetion ^iroceaalng 

ayatema. 

-r In thia chapter we exMlne the logical form of ^ ayatema and 
identify *aoma crucial concepta that are baaic to the paradigm we lure 
working ^rom. '^A key concept ia the condept of Interaction. The mbrnt 



important, in terma of the Impact it will have on >jpvery thing we do 
with eystema, ia the^ concept of levels • Even more fun<ismental than 
these most baalc systems concepts, hovever, la the toncept of. distinc- 
tion, as explicated by Brown in the Lais of Form (1969) • . 

Very sii^ly, a distinction is a division^ int;o exhaustive and 
mutually excluaive parts, on the basis of sotfb difference* vhi^ is 
perceived by the observer, , Distinctions are arbitrary, and are dravh 
by the observers of systems.. A distinction la not drawn unleaa the 
contents are seen to differ in value, tjid there can be no value without 
motives. Thus the motives of the observer will determine his valuea^ 
and therefore the dlatinctlons he draws. / 

Our motive is. tp understaxid complex information^-procieasing . 
ays terns, in general and human coaaunicatioa networka In particular. 

Although many of the distinctions we draw in the formulation 
of our model may sesm to be highly abstract and iferhapa even a bit 
metaphysical, 'they ajll have major Impllcatlona for the latfr, more 
concrete, aapects o^ the model andt the uMtm to which it can be put. 
Specif Ically^ they will determine the form, of the methodology we are 
proposing and suggest the directions in which we wlU move with the ' 
' theory based on the new paradigm. * 

\ We start with a look at systems ~ the context, in which 
"informatldn" makes sense. The kinds of system we will be interested 
In ue all multi-leveled. This meana that the systei^as a whole is 
made of part8,^^ich themselves are made of smaller, siller parts, and 
so on. In addition, the aystems are complex ~ taken as wholes, they , 
show properties not seen in their parts taken independently. 

The suggestion that informatlon-pfrocesslng systems must be 
complex (if a system is Vo^^lex, it must klso be multi-leveled) stems 
from the notion that "information" acts on the system by influencing 
small^artB of it, rather, than by acting on the system in' its. entirety. 
(It turns out that in systems which must either act as units or else 
not/at all, the capacity for "informatl6n," aa we wUl^def^ie it here,^ 
is/exactly zero.) The requirement of complexity is associated with 
the notion of what are called "emergent" properties — properties due 
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to the way the parts of the^ystem interact* A systeai.vith strictly 
additive properties, vhere the characteristici of the systen as a 
\fhole are directly (additlVely) related to the characteristics of the 
parts of which it is oadeT^oes no't appeiir to process "infoi^tion/' 
At this poLat it should be sufficient to note that the re** 
striction to coaqplex systeas is not counter-intuitive or illogical. 



Included in this category of systeas are units such as Ihdivldual 
people, saall organisations, cooqputerlzed Information processing/ ' 
retrieval systeas, coaputer networks, and #vei| large societies, 
are exactly the kinds of systeas ve are interested In. . 

We begin vith ^oae basic concepts, and f r<m these ve aove to 
a very sla4>le and orderly kind of aodel, Ve work frm this sl^>le 
aodel to one that will perhaps be sufficiently coaplex to 4ielp uc see 
hov we can begin to account for soae of the aore interesting aspects 
of "Info'taation processing'' systeas In general and huaan coaaunicatlon 
networks In parti&larv 

i> Interaction '4 . 



The concepttial basis for pur'paradiga Is exceedingly slapl^: 
"Macroscopic objects [ityst^] are cos^lex struc^res of [alcroscopit] 
ones. The properties and relations of the foraer therefore occur under 
conditions that can be foraulated in teras of the arrai^eaents and 
Interactions pf.the latter" (Nagel» 1961, p. 312)^ Three ideas are 
brought together here: systea > arrangeaent. and Interaction . A ByjtSL 
is a coi^lex structure o£ saaller parts. These parts are Arranged In 
soae particular way, and they Interact with each other.. We start with 
the process qf li^raction, which is, logically the aost basic of the ' 
three concepts. X ^ I 

We say one Wtity Interacts wllth another when there is soae 
co-variation of 'soae irop^rties or state variables of the entities 
Involved. In other vdi^s, there are fewer degrees of freedoa In the 
Interacting set of entities than In the set of entities taken Indepen- 
dently. Therii Is soae constraint of the freedoas of the entities » which 
results froa/lndicates/is the Interaction. Ashby says that the 



constraint is the; relation — It "occurs when the^ variety that exists 
under spne condition [Independence] is less than the variety that 
exists under another [Intaradlion]" (1961, p« f30). Tfius, vhen a set 
of entities * is juxtaposed In- soae space (spatial » teaporal, or con- 
ceptual) in such a way that the degrees of freedoa o£ the entitled, 
vhen they are .in the set; is less^ than the 'sua of the degrees of frea- 
doM^of the entitles taken Independently, the rat it lea are said to be 
in a state of interaction. 

For example t say ve have two blocks of wood on a tabletop. 
Nov, each piece can route, or it can slide in any dlrl^ctlon on the 
table. If ve count rotation as one degreeaiof freedom, vertical motion 
as-' another, and horizontal motion "im another, ve see that each piece 
has three degrees of freedom of motion. (We have ignored velocity for 
the aake of simplicity.) In the set of tvo pieces, all possible com- 
binations are allowed, and there are thus six (3+3) degrees of freedom. 
Xf we put the pieces together so they Interlock, they can only move as 
a unit./ The 'two pieces together" now haye (hree^ degrees of freedom. 
The 2kiteraction is i)(ideikced by the reduction In the^total degrees df 
freedom of the system. - In this case, there is co*variatlon of move- 
mmnt of the pieces in the interacting set. That is, if one moves 
vmrticaliy, ao dope rth'e other. 

2> Levels 

^ A second very important basic concept is the one of levels. 
Several points must be aade here. 

F 

(a) As a concept of distinction. First, and most inpbrtantly, 
is the idea that the concept of levela is a contept of dlstlnctlpn/ 
description — it is artificial: Imposed by the person descrlMng the 
system. Since it is a concept of distinction^ it should be defined in 
such a iway that the distinctions we make by using the terms are both 
useful/and conaiatent. It is important to be aware of this point, be- 
ceusjM^he way we see things initially is sure to influence the things we. 
work with later ~ the things ve aingle out as important, the way vie 
perceive ''things*' or "dimensions" or ''units," for example. 



60 



(k) Multiple levels > The Indication thet tliere is one level 
iapliei that there wist be/could be other levels. Otherwise it would 
be pointless ^to distinguish between levels » apd thus pointless to use 
the ten. Conversely^ tliere can only be levels if there is a difference 
betwetti then ~ ^f a basis for distinguishing what is at one level from 

that which is at another can consistently be followed. ^ 

* * ' 

.(^ Hierarchical levels; The tern "level" is used to dis- 
tinguish between^ classes in coiq>l^ systeas^ which are aade of parts » 
which are Bade of saaller parts » and so on (Pattee^ 1973). The hier- 
archical nature of these systems leads naturally to cases in which 
the eleatents at one level nay contain or be Mde of elenents at another 
level. This fact Impliea that a different kind of distinction is beings 
sade here than is usually aade when one distinguishea between kinds of 
entities: that the present distdhction depl^ods^ to an extent on ^e 
relationships between the unl{:s^at one level and the units cctotained by 
or cooprlsin^^^se units. We might clarify this^ point by differenti- > 
itlng between VVertital" and 'Wizontal" distinctions aa followi: 
A horizontal distinction is made between mutually exclusive entities. 
The entities so distinguished must be sep'arate and identifiable . A - 
vertical distinction »^ however » is mi^jle between ^a class of some kind and 
a member of that class. These are special kinds of classes ^ and this 
Idea Willie clarified in a little whUe. 

(d) Additive and emergent properties. We mentioned earlier 



tjie ideas of "additive" Tand "smergent" properties. The distinction 
between these two kinds of properties la crucial here. Say we have a 
set of elements of some kind. Each of these elemeats has several pro- 



perties. Ue may combine e number of theae element^ in some way to 
form larger units. Now» the properties of these larger units can only 



be due to two things: 1) the summation of the properties of the ori- 



ginal elements that wer^scoidbined to make the imit; or 2) the result 
of' the lAteractlona betweek the elements that were combined to m«ke the 
unltd Since the first type of property is obtained simply bx adding 
up all the Individual elements* characteristic values for these 
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properties, theae properties are cidled "additive" properties. It 
is not necessary to know how the elements are related to each other in 
the larger unit to understand the properties ot characteristics of the 
larger unit. An exaople of this kind of additive property is nass. 
The mass of a large set of objects is ,slBq>ly the sua of the aasses of 
the individual objects. ' ' - 

Urgent properties are vj^ry different.. They becoM apparent 
only vfaen the original units, are conbined into sets and allowed to 
Interact » and thus are called "emergent properties of t]he larger 
sets or units. Jwp points should be evident 'here: first » the mergent 
properties "belong" to the larger set of Intei^actlng elements » and cannot 
in any Way be identified with the eleiients Making up the set; second » ^ 
in order to understand hov these properties co^e into existence and how 
they work, it is necessary to exaaine th^ way in vbich the eleaents 
interact with each other in the context of the larg^ unit of which jthey 
are, parts. (Nagel has a different aeaning for "eaerg^ice" than we, do. 
He requires that a property arising f ro« the corf)inatidn of eleaents 
into a ^t be unpredictably/ given both full knowledge \)f the proper-^ 
ties df the eleaents and full knowledge of the relationships ' aaong thdi 
in the largei: unit, before he will call it an emergent property. In, " 
his.deflnitioli, an eaergent property cannot be understood by ,;^xaai^lng 
the systea in which it is observed. It is a new' property,, it is eaer- 
gent, it dannot be e3q)lalned. We disagree with his approach oh this 
point. [Hagel, 1961].) An exaaple of an eaergent property would be the 
chemical properties of any eleaent. These properties^ are determined by 
the way the protons, neutrons, and electrons are arranged In the atoas 
of the element. The properties of oxygen, for exaaq^le, are not seen 
in any proton, neutron, or electron. Bfut put the right combination of 
thea together ra^^look at the combination Instead of the parts of which 
it is made, and you have oxygen, with a whole new set of properties, 
even thqugh th<| proto^s, neutrons, and el^trons are still there, and' 
still protdns, neutrons, BXk& electrons. ^ 

Our definition pf^ levels makes use of these concepts: If, 
as a result o'f allowing a set of entities to interact, there are 



properties observed that ere different from the properties of the en- 
titles, taken Independently » the set of entitles Is said to be at a 
higher level than the entitles asking up the set. In other words » if ^ 
there are raergent properties In a set of elements , t;he set Is at a 



higher level than the elements of irhlch It Is made. The emergent pro- 
perties form the basis for the distinction that is meant by ''level 
If thfere are no such emergent properties, no distinction can be made, 
and the set of elements Is not, at a higher level than the elements 
themselves. If this Is ^ the case. It Is only necessary to understand 
the Individual elements making up the set If'^e wishes to understand 
the set. On the other hand, %rfae& studying an interactive set with 
emergent properties, it is necessary also to study the way in which 
the elements interact with each other when ^^S3ky are In the set,^ 

(f) Levels vs> types > Another distinction: Levels ar^not 
the same as Tyffiss, as in Russell's Theory of Types. In the latter, 
any set or class is of a higher type than the members of the set or 
class In the^resent definition of levels, however, the set is of a 
higher level y and only if it shows properties different from those 
observed In^the elements taken independently • In other words, levels 
are closely related to Interaction: ''the more tihe members, of the 
class Interact ... rather ^^han coexist, the more does the super ordiaati 
grot^ [the class] become sf^^e individual rather than a collection of 
• indlvidualf" (Geriird, 1968, p. 53) • In the latter case, no new 
level is observed; while In the former, a new one is, an4 is based on 
the distinction- allowed by the emergent properties — the properties 
resulting from the interaction of the elements* * 

(g) A warnings An important notion to keep In mind is ^e 
arbitrary nature of any distinction-called-level. There are probably 
an Inflnlte^number of ways in which a system can be diascrlbed that 
priserve the essential distinctions demanded by the definition of 
level • The description that focuses on slgnlflcttt (useful, valid, 
consistent) emergent properties will be likely to be arranged into 
descriptively slgnifldant (useful, valid, consistent) levelli. What .is 



7^ 



5Z 

useful will depend on. the goals of the Inve^igator of ttie system. 
What Is valid will depend on the p«rceptual and analytic abilities of 
the investigator; and what is consistent will depenif on the proper choice 
of oeabership criteria — if these are aabiguous, the description will 
be aablguous and distinctions will be neither continent nor consistent. 

3> Interifetions Between Systeas: The Fora/Logic ol Information 

In order for thereto be interaction between two entitles. 

^ 

we said that there had to be poak kind of covariation of the entities . : 

An Inportant class of interactions includes all the cases where the 
entities^ ix>¥olved in the relationship are themselves complex systems. 
The existence of multiple levels in the systems involved is the dis- 
tinguishing characteristic of these Int^er actions. 

(*) Interactions and levels^ What does it mean to say that 
twp complex systems are in a state of interaction? It means that there 
is some covariation of the systems involved. Very straightfdrward. 
But complex systems have dl^fferent kinds of properties. Some are 
additive while others ^re emergent. Which ones aire covarying, and 
what is the difference? When I Interact with the computer terminal 
on^ which I am writing this chapter , the interaction Invblveif emiergent 
properties. Hy conscious thoughts (an emergent phenomenon) usually^ 
(sometimes I make errors) covary with the letters that appear on the 
paper (an emergent propertys^of the terminal, letermined by the way its 
parts are related to each other ^ and by the way the compister was pro** ^ 
gramed to behave). But how do I^et any single letter to appear on 
the page? By striking a key with my finger. Isn*t the interaction ^ 
between my finger and the key similar to the oiie between two billiard 
balls od|ra collision course? Indeed, when vlewe^ at this level, the 
interaction Involves mainly additive properties, even though the same 
Interaction, when viewed from the point of vli^ of the whole system, 
.involves emergent phenomena. 

' These two kinds' of Interactions are fundamentally different, 

\ 



'/C 

and this difference must be recognized when studying coaplex systeas. iC 
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(b) Matter/cnergy^teractloas vs. Information Interactions, 
The two types of Interaction Introduced above^ can be more explicitly 
distinguished a|i, follovst Th^lrst jtype Involves the covariation of 
additive properties of the tvofystetts. Either the ^systess interact 
dlrectl^» estaM^hlng the covariation of high level pi;jopertles, or 
they Interact/at a lower level, such that an indirect covariation t>f 
the additive Wopertles at the higher levels of the s^iteas is estab- « 
llshed. These interactions will all involve natter and/or energy. 
They are clearly understood by applying basic physical methods of 
analysis. An exasqple of thls^type of interaction is seen irtien one 
billiard ball strikes ^another • A second interaction of this type 
occurs- when I am struck *by a milk truck when I attei^>t^o cross the 
street. The momentum of the truck is partl^^^y>^ansf erred directly 
to my body in such a way as to keep the total momentum of the system, 
inrcltidlng both^^the truck and my body, at a constant. In these cases, 
th*l first law of thermodynamics is obeyed. The total amount of matter 
and ^energy remains constant tliroughout the interaction. These int^- 
actions are called matter/energy interactions, because they involve 
exchanges of matter apd/or eciergy. ' ' ; 

The second type of InjCeractlon involves the establisfai^t of , 
covariation between emepent properties of the systems. Since emergent 
propetties are due to both the prope^ies of the elements at lower 
levels and the way ttfey are related to each other, interactions involv- 
ing emergent properties mu^t involve both the elements at lower levels 
and the relations ' between them. The intersection? with the lower 
elements may be matfterVenergy interactions.^ The effect, of ttte inclusion 
of the relationships between the elements as we move from \Li to high 
levels is to make the actual form of the covariation at the higher 
level different in a cpicial way from the one at the lower level. 
SRpclficallyj the actual - form of the variation at the high level will 
be determined by a combination of ^he form- of the interaction at the 
lower level and the form of the interaction^ between the parts at the 
lower level. ' 

' • . _ 'v ^ ^ ■ ' 
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Tl>l8 is really quite simple » and ca^i be clearly Illustrated 
with the exaaple of the computer terminal • The covariation at the 
hl^h level Involves a matching o£ m^ conscious thoughts with the letters 
that appear on the page* This covariation is established by my strik- 
ing of the keys of the terminal* When I strike a particular key» the 
thing that causes the particular letter to appaac^s ^he vay the parts 
of the teti^al are arranged. If I change the^ connections l^etveen 
tlie keys anc( the letters, different letter^S^'will appear ^en I strike^ 
the same keys. If I change the program governing the, vay the-^text 
dditor works, some letters may even cause the entire text to be erased. 

J>ue to the primary Interaction at the matter /energy level, combined 
^N^with the particular organization of the machine, the secondary covaria- 
tion involving the particiOar letters that I want is established at ^ 
the higher level of the System. f 

These secondary covariations — covariations at higher levels 
Involvix^g emergent properties, and due to the primary matter/energy 
covariations at lower levels — have some unusual characteristics. One 
is that the conservation lav does not have to be obeyed in these inter*- 
actions, although at every step along the wAy it Is obeyed* The reason 
for this^s because the system lay have its own source of energy, which 
is included in the proceiss because of the way the parts are arranged* 
This is the case with the computer terminal, which is electric: - the 
lettera strike the papeT with much more forc^ than my fingers strike 
the keys. It doesn't mattet if I. press the keys harder; the letters 
strike the paper with the same force. A second unUsual characteristic 

^f these secondary covariations is that they are arbitrary, in the - 
sense that they depend on the particular organization of the parts of 
the system, and not only on .the form of the primary interaction. Be- 
cause of these characteristics, interactioms^involving secondary co- 
, variations of emergent properties are called '^information" interactions. 

(c) Information. ^This choice of ^ames is consistent with 
other models of information.- Deutsch (1968) writes that '^like 
'matter' and 'energy,' 'information' ~ that is, the pattern that can 




be abstracted ... [from tH«8e exchanges] — Is not subject £o the lavs 
of conservation. It can be created and annihilated'* (p. 392). Another 
definition of InforMtion^Tequires that a '"Barker" bearing a patt^em 
/ be exchanged in ihforaatl^n exchangea. The marker la not the Informa-- 

tion^ but bears /the pattern, which la the lnforBatj^oIi. Berlo called 
information ''patterned natter/energy." In an information interaction, 
the unit^at the^^rl||»x3LJ.evel of ix^teraotlon, that is, the unite 
involved in the mattetVenerg^'part of the interact!^, vould be the 
markers be«iring patterns i0ilcU are "information^ Co the system asi a 
^ whole. Af f ar as these ^Its are concerned, th^ Interaction im atrictly 
matter/energy, %ifaile, 1^ the larger world of the system which Is con-- 
iiected to the elements by emergent phihomenaisjAe interact loll may be ^ 
an information exchang#l For example, a light pattern Impingem 
« your retina. This is a purely matter /energy lxlterac(i^on^ as f a^ 
the cells of ycmr retina are concerned, tf the pattern hap{ 
^ form lettera and words which make a' siSktence, the larger systc 

the petsbn ^t you may "receive SMe information" from the , inter- 
^ aCefra^. Hhether or nSt this is the case' will be impossible, to tell ' 
by looking at .you|;u:etina; it la necessary to look at the way the ^ 
retina fits in with ,tfae rest of the system, becauae thia is the context 
in which It^unctlons, the context in which the Ix^tteactlon must 
' 'ie interpreted. 

.This f rittiework suggests a different interpretation of "infor- 
mation" than the purely quantitative one of Shannon and Heaver (1949).^ 
; Their framework waa one in which only the relation, be tw^n the observer 
and the pattern was inq>ortant J The framew ork ^e re is one in which th^ 
parte of the system at -one level are related to the^acts of ther system 
' at other levels . In this model, the ftlative positions ,'^ln terms of 
levels, together with the specific nature of the xftlationships of the 
parts at one level to the parts of other ievels,^ju:e important. The 
obaerver la deacrlbing what he aees (or thinks he sees) of the^ross- 
^1 level relatlonahipa , bui he knows the statetients betakes are depen^ 
dent on the relatlonahlps betweci^himself and the, aystem. 
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One point suggested by this aodel (perhaps Implied In its 
definition) is thet inforaation Interactions ^ o^ly take place in' ^ 
systems of coiiq)lexity sufficient to allow the interactions to take 
place at some level ^over than the level of the systems themselves. 
This is because inforaation is represented as patterned sequences; / 
nhich are conveyed through the matkers which are exchanged in infoniia- 
tion trs^actions. The markers must be at a level lower than the 
jsystem as a whole ^ or else, the ^stem would be capable of receiving 
zero information^ since it would have to covary identically^i^th the 
marki^r if it were at the ssaie level/ On the other'liand^ matter /energy 
interactions may talce ^lace at the same level as the whole system, and 
thus complexity is not required for those interactions. ' ^ 

Another point is suggested when this model is' examined in the 
light of Ashby's Law of Re<|uisite Variety » which states that uncer|:irinty 
in one system can only be coiipensated fpr by another system to the 
extent to which the compenkktlng system^has suff icimt variety. In 
othey words, ^Variety can only be destr6yed by variety" (Ashby, p. 135). 
Applied to systeais in the context^of our model, 4^e law says thi^t if 
a complex system is encountered /by a simpler one» the covariation 
established as a result of their interaction can be at a^ level that is 
no higher than the highest level of the simpler system. A simple system 
cannot interact %rith a complex one because there is not enough variety 
in the simple one to .accoomodate that in the coaplex one^ Therefore,, 
il" forced to encounter units of greater ^complexity, elements will 
^Interact with iMts of ^ose units, rather than with the units as 
wholes. ^ 

A generai interpretation of this law for matter/energy Systems 
reads much like Russell * s Theor]^ of 'Types (ISTI)*, which would say that 
elements can interact only with other elements of^e same eoiq^^^xity. 
If forced t% encounter a unit ij^ich is a set of elements of; similar^ 
complexity, the first dement will not interact with the set as a . ^ 
whole; rather, it will interact with a a«||er of the s^t«. This res trie- 
tion seems to hold for matter /energy systems « but falls completely when 
information interactions are allowed V The nature of this failure and 



the reason it is of interest are due to the way information is relisted 
to patteis/^ergy. Recall the distinctions sade earlier: 1) informa- 

-JUon^^exchilnsea dfta a nd -^proi ex s y s t ews ^ b ecause tb ere-fmst—b e l evels 

below the .level of the system, on which the markers bearing the pat^ 
^terns which are the information are exchanged, in order for there to 
b^ information exchanges; 2) the effects of the exchange ^f matter/ 
energy patterns at low levels must be conveyed to higher'^evels 
through emergent properties created by the interaction of the lower 
parts of the system. This implies that, in any information exchange, 
a thorough understanding of offe of the interacting systems is not suf- 
ficient to predict the effects of the exchange on the other system, 
unless the two interacting systems 'are identical. This is a direct 
result 6f the' arbitrariness created by the emergent properties demanded 
by the definition of information. It also* implies that* the pattern in 
the exchanged markers is free of information unlesis viewed in^he^c^- * , 
text of the system which'' processes that pattern. There i« no meaning 
jji the pattern. -Jt is Impossible to measure the information content 
of the pattern, as long as the nature of the system which must procesis 
that pattern is unspecified.. 

The interdependence of what we have been calling "information^ 
ind the system in which it has existence/can be observed / can 4>e measured/ 
makes a difference ci^mot be un^ieremphasiied. Information was defined as 
something that required aomt kind of patterned matters/energy^ It has 
also been defined as a^ "difference that makes a difference." This 
alternative definition implies that a context is. needed before, there 
can be information. This context, is the system in which the pattern 
^'makes a difference." Therefore, any pattern may become information, 
if there is a system that can process it correctly. This is not to say 
that, for a given pattern and two processing systems^ A. and B, tffe* 
"information" "extracted" by system A will be the same as ^hat extracted 
by system B. Indeed,^ system A m^^ ^e a subset of system B, so that in 

B there ia an extra level of emergence transforming the outptit 
of system A, which results in a higher order of "information" from the 
eame input.. 

63 / ' . 
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Depending on the way the parts of a system are Interrelated 
each of the many levels there may be In the systeait a given matter/ 
energy input at a low level may have differing ef fectis on the systmn. 
Some inputs may remain at the level of matter/energy, influencing higher 
levels only through additive properties; while others may be processed 
as information^ influencing higher levels through emergent properties. 
Others may do, both, 

CONCLUSION ' < r 

In this chapter we have explored the form of complex systems. 
Although most of the^ discussion was concerned with the establishment 
of. a precise vocabulary through th^ explication of some crucial con- 
ceptSy we did point out some general properties of systems. The 
Importance of some of these properties — especially the ones restrict- 
ing interactions between systems of different ty#es ~ will be brought 
out in the next chap ter> i^en we look at the 'procteses of observation 
anil description. ^ ; . ^ ' 
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CHAPTER FOUR . 

THE PROCESSES OF DESCRIPTION AND OBSERVATION: 
, ACCESS TO FORM 



In the first chapter of this Part, -we exaalned the form of 
systense Ue chose to start there because we felt uneasy about the way 
people have looked at systems in the past, and because ve felt that 
our dissatisfaction vas caused largely by an apparent mismatch betveen 
liystems and the vdy we perceive, observe, describe, and (mis) understand 
them — in short, because ve don*t know how to /'look" at them* In this 
8€;ction discuss . the process by %^ich ^investigators ^ain access to 
the form of systems: the processes of description and observationi 

^ We contend that a major goal of all science is to prpvlde 
accurate, useful descriptions of phenomena in the world « Descriptions 
allow us to tmderstand, to explain,"^ to predict* More and more, we are 
faced with problois involving complex systems: the Economy, congress, 
towns, corporations, school systems, the armed forces, the United 
Natj.o|^. Clear;Xy, we would benefit greatly if ve could understand, 
explain, or 'predict these systems^i^ If we could provide ourselves wiUi. 
the right kli(ids of descriptions of these systems, we could do these 
thingse ^ 

^ We contend^ therefore, that an^tmdfrstanding of the process 
by which ^ provide descriptions is k fundamental necessity • ""But first, 
we must understand what a descr;lptiori is — what is does, how it is 
consiSucted, how it is related to the jform of the thli% *eitfg described • 
In^ our description of the JEorm of descrip^'tion!, ve make use of the 
toidys-ift oI>roTO, ^in' lhe Lawli of Form- (1969) • . 



1* ^ .The &rm of Descriptions - ^ ' * 

. \ . \ ■ , ■; 

*• (SF. distinctions, values, motlvea. All things have their 

oim for*. Fora ^7 be aquated with dlflferjence. If the universe were 

iml^onay hooogeneoys, "wlth'no d'lfferemisV noth^g could be perceived; 
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everything would be the same. There would be no objects to be studied, 
no observers to examine Jthem, no for«. «---^ 

Descriptions are baaed on distinctions. A distinction i/iaade 
by an observer \iho perceives a difference and points it out. The ,dlf~ 
.ference is the basis for the distinction. Wherever a dlfl^erence ^Ists, 
a distinction nay be Mide by an observer^ who perceives the, difference/ 
Any difference that may be' perceived' may Vfe codified as a distinction. 

The drawing of distinctions is an arbitrary process, governed 
not only by the form of the thing being described or the attributes of 
the observer that allow differences to be perceived, but also by the-. • 
motives and values of the observer, for distinctions cannot be drawn 
unless the contents are seen to differ in value — and without motives, 
there can be no valj^^s. 

Implicit In any description, then, are motives and values. 
Why were these particular differences singled out 'As important, when an 
Infinity of other differences could- be perceived instead? Because the 
motives of the observer defined a set of values or vid.ue differences i 
that mattered. For example, I may .distinguish between the two ends of 
a pencil (or between the ends and the rest) if you ask me what it is 
used for. "It is used for writing and erasing." But perhaps you wanted 
to know how much the pencil weighed, or what Jdnd of tree the wo^en' 
part came from. These values would be relevant for other motives. 

- The description is related to^ the thing it describes in an 
abstract way. Whereas the form of the thing. is completely manifested 
in the thing itself, only certain selected t^^ects of the form are in- 
corporated in the description. The description is incomplete. 

The form of the thing being described is continuous .wi|h the 
thing itself . There are no distinctions or discontinuities in the form; 
these are introduced by the observer, who makes distinctions. Distinc- 
tions are discrete: abstracted, codified perceptions removed from the 
thing being described. Since the description is based , on distinctions. 
It too will be discrete, and not continuous, as the form is continuous. 
The description is Imperfect. 
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(b) Descriptions and coaplex systeas^ Since the form of 
"^complex system^s complex, the descriptions we make of these systems 
may also be cosq>lex: we may iase our distinctions on several kinds of 
differences^^ Flrsf , for example,' we dlfferentlattf^between the system 
and its environaent.. We night cal> the points^ through which we draw 
the distinction the "boundary." Next,- we nay differentiate the system 
as a i^ole ^to distinct parts, if these parts differ from each' other 
and from the whole system in ways that are relevant to our motives. 
Furthermore, we ■nay^distlngiiish between different parts of these 
parts . . .^j_JbM<are all vertical distinctions, where we are differen- 
tiatlng^etween units, and parts of those units. 
f. ■ ^ Alternatively, Ce may differentiate horizontally between 
classes or sets of parts, at any 'level in the system. Obviously!, the 
level of analysis we choose will specify the units we work with, which, . 
in turn, will determine the kinds of distinctions-we make ^Moreover, 
the description we get using one set of distinctions will not be the 
same as one based on a different set of distinctions. Yet both are 
descriptions of the sane systea, which has only one form. The distinc- 
tions must be equivalent in sone sense. ' 

a 

(c) An exMtpleX Perhaps an exa^>ie will help nake the com- 
plexity of the situation clearer. Take a relatively sliq>le complex 
systen: a cupful of boiling water. Water is made of waAr mo^cules, 
which are made of hydrogen and oxygen atoms, and so on. The boiling' 
water is a "liquid."- It "flows.'" It Vconfoma" to the Aape of i(js \^ 
container. 'It is not "compressible." However, if we examine the partp 
of which it is made, nantly the nolecules, it dbesn't «ven liMke sense ^o 
\efer to the properties of "li«iuidlty" or ^•incompressibility." "^You V 
cannot "boil^' or "pour". a nolecule^^f water, although y;ou can '*boil» ' 
or "pQur" a cupful -of then. 

What's going on hfere? Simply this: ' The property of "Uquidity" 
with all 1*8 associated characteristics is an energenjT property. It is • 
due to the interactions of the parts- the system — in this case, the 
Siolecules. We could hk|e described 'each of the nolecules in the cupful - 
of boiling water; and this' description would'have to be consistent witb 
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tbe ooe vhere ve described^ the whole cupful instead. If ve had focused 
on the individual molecules, ve would have found nothing strange abaiMl 
the behavior of any single one. However , we would not have seen any 
evidence of "liquidity." Only when we look at the whole set of mole- 
cules » and treat tbe set as an individual object » would^^^e see the 
object — the cupful of water — boiling. \^ 

(d) Alternative descriptions. Thi^vodd situation,' where 
there are two equally valid — but very different ~ descriptions of 
the system, occurs whenever we examine a multi-leveled system at an 
Interface between levels. * ^ < 

Because of the way^^e elemrats interact, the system one 
level up "behaves differently." In the example, there were itaergent 
properties which ve usually identify as the characteristics of water.. 
What we mean by 'Srater" in most cases is "enough water molecules to . 
allow the characteristic emergent prpperties of water to be manifested." 
It is not that the molecules are dramatitalljr differ ent^in^^^ 
of the more macroscopic "water"; mther, w used to seeing large 
numbers of water molecules, where we can eas^'ily observe the results of 
their interaction on a gross scale* These results are do predominant 
that, -in the case of water, we Vse^e" mainly emergent properties. 

This idea of alternative descriptions provides a more coiq^lete 
va/'of looking at levels. There is nothing contradictory or mysterious 
here; although the way in which a description at one J^vel is related to 
one at another level may not always be dear. l)ie shift m make when 
going from one leV^ to, another «a shift from^ discrete descriptions . : 
of individuarl elements to statistical descriptions of sets of elements. 
" .... [W]hile in classical mechanics t^t variables. of system state, are 
associated with properties of the individuals postulated by the ^theory,^ 
in quantum mechanics the state variable is associated' with a stiatistical 
property of the postulated elements" (Nagei, 1961,' p. 308)-. At the low 
level, "light" is j)articulat9, like molecules of H2O. At the next level 
up, "light" is iNiave^henoAenon, much Id^e pvater is a liquid. These 
are two alternative descriptions (of the same thing, each one equally 
valid, ' ' 



(e) Transformations ♦ How can we go from one level- of de- 
scription to another? The transformation from a low level to a higher 
one seems to require a statistical process, whereby properties of.^the 
aggregate are dedOribied. According. to Nagel, we can characterize the 
system " ... in terms of certain statistical properties of the Indivi- 
dual^motions of the molecules.^ These statistical properties are repre- 
sented by statistical parameters; and ft turns out that a nui£er of 
these parameters are associated with magnitudes of observable macro- 
scopic properties ..." (1961, p. 291). It seems to be possible in 
some cases to predict v*i|it the properties of the higher level should 
be, given a knowledge of both the properties of the lower level elements 
and the way they Interact. 

Going up levels, the. transformation seems to be determinate, 
in much the. same way that there is tdways a unique mean for any det of 
numbers. We might call each possible arrange^jj^t ,of the fdcroscopic 
components of th^ syi^tea a "mlcrostate," and similarly, the experimen- 
tally identifiable properties of the system as a irtiole the '^macrostates.' 
Then we can develop a theory ^ich " ... explalms the occurrence of the 
macrostates of a' system In terms of assumptioMT concerning changes in 
the mlcrostates, s^ that the explanat^&!suispfcds upon the institution 
of correspondences between macro- and mlcrostates. -However, the cor- 
respondences are usually so specified that to a given macrostate there 
corresponds not onjs but a large number bf different mlcrostates" (Nagel, 
1961, p. 314). Because of the many-to-H3ne nature of the relation, 
transformations In ttte^ather>dlxection -- from higher to lowei levels — 
are not so easy. Indeed, they may^be impossible, in the same i way that 
it is impossible to tell which numbers were In the set of numbers that 
had a jaean of 7.239. ^ 

(f) Byobleaaf The statistical nature of the relation be-." 
twecn micro- and Bjiacrostates is not the .only, difficult we are faced with. 
The description of the mlcrostates, 'like all descriptions r can only be 
an abstraction from the acttial objects being described. Althou^ the 
mlcrostates aay be contlnuoiJs, their description? will be discrete, and 
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thus Imperfetct. There may be many aspects of the mlcrostates that go 
together to produce any given macrostate; some of these aspects may 
be left out of the mlcrodescrlpt^n* Unless the mlcrodescsiption is 
complete, it may not he possi^e to derive the macrodescrlption ^/C^ 
It* What is more, some of the relevant aspects of the micrcAtate ma^ 
not be evident In the case of individual elements — they th'emselves 
may require statistical descriptions. > * ' ^ , 

We can begin to- see how the process of description is made 
more difficult in complex multi-leveled systems. At each interface 
between levels there are alternative descriptions — .one describing 
^he micrpsta^e and the other describing the macrostate* Usually, the 
description at the higher level will be simpler , 'more elegant. For 
example » different descriptions can be iised for the process y§ comdonly 
call "thinkingi" In the higher level 'description, we would perhaps 
talk about the topic of the thoughts, or the logical process* that we ^ 
were trying to accomplish •> At a lower level, we would tklk about the ' 
^ neurons that were firing during the process. Clearly, the description 
at the higher level ^is simpler. It is more easily done, and more easily 
impressed. It describees the system as a vtiole, rather than 'as a large 
number of parts. However,.^ it does not provide any* information about 
the pd.crostates — about the lower «|.evel eledosents ~ the neurons. 

In this ca8e» as In most, tiie transformation from microdescrip- 
tion^ macrodescriptidn is determinate^ although the one in the other 
direbtion is not. ' (There are many kinds 'of thought processes, and they 
all inVj^ve different sequences of neuronal firings .} 

2. The Process of Observation 



In order to describe a system, w€^ neisd to. be informed about it^ 

# -* 

The latin ropt for the verb "inform" — in+form(are) — gives a clue as 
to yhat it means to be informe4 about soi^thing: literally, ''withlnj' + 
"form" — to fiave^ithin oneself the f orm^ of the object. By "the form 
of .the object, we mean the bas'^is for |ill the distinctions we could draw 
about the object,' based, on differenpes that can' be perceived in the 
; object. This * is .exactly what we' mean by a model — a model of something 
has/is the form of the object it re-presents. 

: ■., ' ^ ^ " ' • *• 
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Unless we are merely speculating and playing with ideas^ pur 
models will be based on the results of some observations we make. In 
daily discourse^ when dealing with connon 'situations we are familiar 
with, the observation process seems to be so straightforward that it is 
usually ignored. If ve want to know if it is raining, we look out the 
window. If we want to know how a car works, we loojc under the hood. 
When we vant^ to learn how a comply system |fc|fes , however, we are faced 
with a different kind of 'situation altogeth^% An understanding of 
,how we make observations and ^Aat we can do with the results will help 
us see how we are llmlt|sd.ln the Observation situation; an understanding 
of the sources of limitation will allow us to develop methods that In- 
crease our observat^nal ciapabilitiejtf. We begin this section, then, with 
an examination of the observation process. ^ 

(a) The goals of observation. When we want to understand 
something, we observe it. W^ do this because we do*not know' what the 
object does, how it works, or 'how* it is put together. We have some 
unc^talnty about the object. The main goal of observation is to re-, 
duce this uncertainty. When we have done so, we will have an !Wder- 
standing" of the system we will be •'informed" about the ^System ~ ^ 
we will have built a conceptual model which Incorpbrates the form of 
the system. We can then use tiie model to predict, describe^ or explain 
the behavior of the system. ^ . 

. The model £s Useful because it mirrors the systck it repre- 
sents. It is isomorphic to the fll^tem in? such a way that it can be 
used to predict or explain what theVsystem" will do in a varied oJE 
circumstances. It can also be used heurisrtically, to understand pro- 
perties of the^ system that were no^^idenf=bef ore the model was 
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A The observer^ will usulUly bSKn with an informal model ,^ in 
Which there is much vagueness and little explicit detjail.- This is' 
b^cause^ the observer is still uncertain as to the structure and func- 
tion of the system being observed. The goal of observation Is. to reduce 
this uncertainty. Wheji this has bfeen done, the model will covary with 
its referrent — this is what it means ^ to >c isomorphic. 
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(b) Observation and Interaction > The reduction of uncertainty 
the establishment of covariation Is xiot only centx^^al to the obser- 
vation pirogess^ it Is the basis of the process of Interaction. In 
order to observe a system. It Is necessary to Interact 'with It. In 
order to get data that Indicate hov^ the system responds In such, and 
such a situation » It Is necessary to observe It — to. Interact with It. * 
How else Is the uncertainty about the system to be reduced? 

Aren't there situations In, which ve get Information ab'out a 
system without Interacting with It? For exanyle, I don't have to Inter- 
act with the sky to see if it is raining, do I? Although the answer 
may seem to be stretching the point » I do. One aspect of the sky is the 
way it alters the lig^t that passes through it. Unless I get in th^* 
way of some of this light, so that it lands on the sensitive parts of 
my eye, I cannot see the sky to tell if it is raining or not. True, 
thls^klnd of observation/interaction doesn't seem to have much of an 
effecVon the system beijig observed, but It is an. Interaction. What if 
I were blind?- I could listen for the sound of rain. But then I am 
Interacting with the sound waves Unless there is some kind of 

connection/Interaction between the observer and the system being ob-r 
served, there can be no observation, no date can be collected, and the 
uncertainty the observer has ^out the system cannot be reduced. Thus, 
It^ls necessary to interact with a system in order to observe it. 




(c) Observatl^b in complex systems « We are Interested in 
r ^ observing complex syst^. To do this, we have to Interact .with them 

to get the data. How do we proceed? Do we treat the' system as a single^? 
unit, and Interact directly with the whole? Do we interact Instead with 
L ' . the parts of wh^ch it Is^made? Or' with the , parts of whlch^tjiie parts are 

made? QbViogsly, we bigin by making some' decisions. Our goal^; in 
terms of just what it is we* are trying to understand, will help us de- 
fine the system in clear enough terms so we cu rule out. a number of 
approaches *before we liave begun, it we Vant to understand the struc- 
' 'ture of the system — the wayLlts parts are org^lzed — ' we wox\'t be 
very .interested in the way the system*relates to its environment, pr to 
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other systeos like Itself in the envlronaent. We will, however, be 
very interested in factors more directlytelated to the organization of • 
the system. We will look at the kind of parts it may have, for instance, 
an^ %re wlJJL want to know some of the properties of these parts, to see 
if they provlde_a better understanding of the way they can be related to 
one another In the context of the wholct system. On the other hand,. 
ii ve want to see how adaptable the system is, we will want to see how 
it responds to environmental dis.turbances of different types. We^ll 
be more interested in how the system as Stwhole bMhaves in a variety of 
s^ituations. . , 

A clear statement of the goals of t^ investigation will 'help 
^ decide both how to define the system and also how to "enter" it — 
how to interact with/it to get the 4ata that will be useful. The deci- 
^sion of kow to efitct;. the system is influenced by. many factors which can 
best be understood from the perspective provided by the basic systems 
concepts we outlined earlier. Sintce we have a complexes tem, we can 
enter it at aHy of its multiple levels; that is, we can obtain our 
data by interagtlng with |jie systcmvat any level we choose. Our choice « 
of entry points will determine the kinds of data we get. This choice 
is limited 4oth by the^cons^aints , that are due to properties of the ^ ^ 
system and those that arisdue to properties of the observer /who himself ' 
is a coi]5>lex aystifim. Tlie next pairt of ^the section will discuss thes^. 
<iC)astraints. '^^IV^ 

3> Constraints on the Availab le Data 

In this section we w£ll gee how the goals of ihe jibserver ' 
together %rith certain organizational characteristics' of the system are 
logically related to the process o^. observation > and description In y 
comple^ systems^ j ' ^ 
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(*) \^^ 8oals of the observer and levels of the system. When 
we Interact with^system at a* certain level, we g^t .data which describe 
the system at that Ifevel. iTherefore,' if ovr-'gdal is ^6 understand the 
System at, a certain level, we should, enter it at that level. This is 
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the most basic c^nsi^ration Jfhen choosing an entry point. Thia^may no"t 
be enough,, however* Alffiough data from level X may allow us to. describe 



the bchavioi: of thc/system at level it will usually notuj>rovide an 
underst'anding of whV the things o.bserved at. level X are the way ^hey 
are« To achieve a sati«^^jLng .tmder standing of what happens at a general 
level i it is usually necessyrjl to exan^ine the system also at the Itwo or 
three levc^is directly under Ithe tar ^et^level . Additionally, it may be * 
very helpful, to see what happ^ws-^ oneTOiT^o levels above the target 
level. This %rill allow the micros|:opic/ details of the lower levels to 
be seen in the context of the mote- macr^Qopic details of the higher 
ones • 

Let^s say the^target system is a halftone photograph in a 
newspaper or magazine. .We can understand ho# the different shades of 
grey were achieved if ve examine the dots fA black 'and white that make 
up the picture. But we cannot under8tand(why the different areas in 
the picture wera different shades of grey i^ess we see how they fit 
into the ^arger context of the whole picture. In that context, some 
shades will be highlights, while others will be shadow. All th^dots 
together will form. a single picture. Again, we won't know why that 
particular picture was used unless we examine it in the context of the 
story it illustrated. Similarly, if we»want to understand, the behavior 
ot a person, we will learn how different motions are acco^lished if 
we examine the physiology of the person; but we won't know why any 
particular sequence of behaviors was "executed unless we put them in 
the larger context of the social system the^person is embedded 'in. 

f (b) Ei^ergent properties in the observation context > /One 
reason/for the requirement of looking at multiple levels- is that the 
properties at any given level may be 'emergent, and thus dependent on 
,more«than just the properties of the elements at lower levels. It is 
much easier to wgrtk with emergent properties at the level on which 
they operate, than it is t;b work indirectly through .lower levels.. In 
order to "reach" the emergent properties indirectly, it is necessary 
to understand both the properties of the elements at the lower l^vel 
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the way those cleillents arc related to each other. In this way, it ^ 
is possible to predict emergent properties. To do so successfally/ 
however, is a difficult task.' This is because the* lower level elements 
may be related io each other in cojiplex ways that may be difficult to 
de«cflbe or observe. Only some aspects of these relationships, may in- 
fluence the emergeilt properties at higher levels. Unless the proper 
^ub^ of thes^ aspects is included, 4t will .not be possible to pre- 
dict the emergent properties./ ' \ ^ 

When* the system is examined at multiple levels, however, it is 
possible not only to predict the characteristics of the emergent pro- 
perties, l>ut also to verify the.j?redictlon by comparing it with the 
actual observed properties. ; 

^ So, far the discussion of emergent properties has centered on 
, the possibility of explaining or ptedictin|j them from fc^ow, with data 
collected at lower levels of the system. Isn'r it also possible to 
^understand an emergent property by coming at it from above, with data 
collected at higher levels of the system? Generally, this does not ; 
seem to be ^asily do6e. Consider- ^^at it woiild mean: we woulKbe- 
, maki^ inferences about |i. proper |y at A lower level from data describ- 
ing a higher one — we wox^d be guessing .blindly about the coqplex 
origins of the emergent •prfaperty. Recall how these properties stem 
from two sources — the properties of the lower level eleHents and/ 
the set of relationships between. the lower level. elemental Not only 
^uld we have to guess abpiit the properties of the hypothesized^ elements^, 
.but also would be jessing, about the way • they were related to one another 
even though their very existence is uncertain, sihcie we db riot have data 
' obtained froa their level. s , , , 

(c) , Alternative 'descriptions; " descriptive kaymetxy. We 
said earlier that whenever we look at a system at a hierarchical Intir- 

face; there will be alternative descriptions of sone phenomena — 

/ 

descriptions, that will be eijualiy valid, in spite of their great differ- 
ences. Generally, the description at the higher level wlU^e^muc^ 
more elegant and siiiq)le, but It will not provide much infection about 
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the lower level aspects of the aituation. For example ^ ^^fox describe 
an operation performed. on a computer in differeat ways. L could jsay 
"complement the bits in word 50A432.- Set aU the bits in the iiext 
word to zero. If the first bit i» t^'e word^wit^ the address ^ose ', 
value equals the contents of wrord 503325 is a one, cosc>lement the rest - 
• of the bits in that word ..." Mtematively, I could' Say "multiply ' 
the value of variable X b^^^ip -vaiuje-pf^Kvariable Y. .^E the result is 
positive .... "• Each deiciibes a math^tical (jfJ^a^Lon. Clearly, • 
the stfcond.dtfs&iption is more elegant; although it gives no informa- 
tion ^bout the Specific Sit operations'" that are done wh^ the multipli- 
P*^P* aji<i test are don6. Furthermore, although I coujd arrive 'at the 
second description" if gi.ven the- information in the first, it wovld be 
Impossible for me to' derive the first, giVen the second. 

, Alternative descriptions are, related to each other by a 

statistical process. When moving from the lower level to the higher - 
*one, we shift from a focus on properties of Individuals' to a focus on 
the proper^ties of the aggrl^gated* individuals. The description of the 
aggregate is the higher level description.'" Although it is possible to 
transform low level data, to higher level data, it is not possible, to go 
^J?® direction ~ given the characteristics of an aggreagate, 

it. is gener^ly not possible, to derive those of the individua^^ in tha^ 
aggifegate. 'For this reason," data" from levels lower t)ian the target^ 
level are more valuable thto tia^ttiifrom higher levels.""^ ' , 



(d) Summary .' To summariae,^ it is desirable ta obtain data 
by Interacting with each of several levels in the system being observed 
— both from'the levels immediately below the target level and from the 
levels directly above the dirget level. Becaeise of the way the low 
levels are related to higher levels, l^terms ^f bbth Junctionll 
arrangement and descriptive characteristics, dapa fr^ lower levels 4s ' 
often mord uffeful and Important than data from higher levels, 'j£tthou|h' 
,the investigator's task is made easier^f data are also available from 
higher^levels. If data are only avaiiy>le froi highef levels, it nJay 
be impossible to make any definitive statements about lo^6r-level 
phenomena. ' ~ 
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4> ^ Dealing vith Cdastraints ^ Tools 

The nain difficulty in the study of coaplex syst^ew, espe- 
cially when comamication or "infonaation processing"' are involve, is 
that d^ta are often, not available fjpa the appropriate levels.^ It was 
an understanding of the logical nature of the hierarchical interface ^ 
that aade^this difficulty clear, ai^ 'it is through ihla saaa^inxderstaftd- 
ing that we cai develop methods that will allow us to go pasjt soae' of ' 
the liaitationa. we are ciirrently faced with. Once this has been done, 
we caa begin to solv^. some of the problems that ao^re traditional methods 
* f all to recogniz-fe. ^ , ^ - 

We find ourselves faced^with two kinds of situations. In 
the first, we have data from a level, higher than the level we wish to- ' 
•understand The best we-e^ do in ' these ^ases . is guess about the 
Ibwer-level phtocwena ^ vhich we are inteceate^. • The .reason for this, 
has been discussed earlier. In the second case, .we have data frbm a ' 
lower level than the one we' wish to understand. Han:^ situations in- 
volving complex systems , especially information |)roccssing' systems, 
are of this- type. We^conaid<er two characteristics of the hierarchical, 
interface:, (a) p/rst ,is the statistical nature "oT^he relationship 
between lower leivel descripti,on< and higher level descriptions'^f the ■ 
same phenoa^a,' which, suggests that any analytic aethodawdesigned 'to^^■ 
provide high leVel descriptions Kill use statistical methods,' rather 
than precisely^ exact "aatheiatical s6iuti,on-f Idding approaches. The 
exact nature the statistical transformations' that should be 'used, 
hfjwever, is not clear. In some cases,' pattem-reco^ition techniques' 
seem to work best. ^At ai^y rate, ^rfe theoretical 'work- is needed if we 
^are to understand' fully the logli of alternative descriptions, 
(b) SecoM is the fact t"hat ^rg^t prpperties'^must be ej^amined i^ 
the light '6f 'the relationships between the Ifjwerrlevel components of " 
the -system, which suggests that any methods designed to 'explain emergent 
properties at, higher J^velff.wiil examine the. relationships between low- 
level units.. . Again,, we do not yet; imow how to, tell wi^ch properties 

the. low-ley'el par'ts or which .aap^^is df-ttfe relationship^ ^.between the 
iow-level -parts jtfe iaportaat in dVtetmiAing the «er gent properties. 
Tliis area also aeeils more theoretic^ exploration! ^ , . 



At toy. rate, we know tRat^ analytic methods .will have to look" 
for statistical solutjLotis -to alternate des«ip^ion8 and includdej^he ^ 
network of relationsfiips among the part^ of tfte systto for explanations » 
'of eaergent properties, auch as "information,"', "tommunication," o r ' 
'"qtntrol" processes. ^ \ * * ' * 
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■ STRUCTURE: ^THE APPBARAtJCiJ^OP FORM '.: 



\ ' ' ' ' ' ' . ' * 

-Chapttt Three entitled '•the Potk of System*.*' Chapter 
Pour was about "Access t9 Poni: The Processes of Observation and *. . 
Descript^lon." ' 14 those.*' chapters we were asking the qu^t ions » ''(Jhat 
are we looking. at 7',;^,^- "How do, we look?" In this chapter we ask\ 
-"What Vill form look likaf?' The "for*"' In thia question is the saae 
"form" we have been discus^ing^ ail along. Its appearance is structure; 
structure is how foftn which has be^n observed *is described. We will 
examine the, meaning^ of Shis stat^nt in some detail in later sections 
o& this chapter. The discussion there builds on the ideas of the pre*- 
vious two chapters, so a review. of the main-' points diacussed there . 
will be useful ii^ setting the 's||iges for our discussion of structure. 

. EEVIEW . . ' r ' , ^ ' ^ ^' ' ' 

In Chapter Three we talked. about some general characteristics 
of complex systems. Although most (^the discussion there wai con- 
cerned with the ^velopflient jof a clear technicaJL vocabulary through *the 

.explication of a. set. of critical concepts we alstf! touched on some 
basic properties that may be observed in complex' systems. It is 
these properties that are 6f interest here. If any one statement' 
about systems in general is fundamental » it is thl*s; The properties 
of M system are 4ae'both to the properties of its parts and to the 



f way the parts are related to one /another. In order ^to understand the 
properties of k system » then, it is neceasary to see not ontly what 
kind of parts it is ma[de of /but also hov those parta interact with ^ 
one another. < ^ 



, A process Jfimdamental. to tba functioning of systema la the 
interaction procea^, %rtiich we discussed in^ terms of constraint.^ There 
i#conatraint whenever ther^f^^is interaction or Influence. Conftriiat 
is^the flip jiide o£ independence. l£ a set of obj'ects are independent 



of one another^ they do not Interact vl,th e^ch other. The degrees of 
freedom of the set Is e^ual to^the sum. of the degrees >of freedom of 
tfie' elements In the set^ However, If the elements da interact with 
one another/ they will not be independent. The degrees of freedom. in 
tnls kifid^'of iset will bfe less than If th^ elements were independent. 

<^Th.is reduction in degrees of freedom is constraint. ^ « 

4' He also sav^in Chapt^ Three that if a system is to jKive 
properties different' from thb properties of *its "par^s ve called -them 
emergent pdopez:ties — tbe^pa^s mj^ not be independent of one another. 
A set br independents p^rts shows noVemergent properties. ^ Sii^ the; 
amount of interdependence is directly (in fact,* identically) related 
to the amount c^f constraint ' (i.c^wt^the size* of the reduction in. 
degrees ^of freedom)^, the ' amoikit ^P^xis train t can ife ^use|^^ ^an index 
of "the likelihood that the system as a whole wilL show emergent pro- 
perties. ^ A system with no constraint is *a system of inde^p^iulent* units. 
Such a system shows no emerj/ent '^pfroperties. It voii^d, be^ttij^ to 
study the indivi<hial parts making up such a "system** tl£an .'to ^study the^ 
system' as a whole. ' ' ^ , - <^ • 

^Thi.rdly» we saw in Chapter Thxree -how information. i6 related 
to the systems whicGTmist process it. Therjl^an only '*be^informat£on 
in -sufficiently ^complex systems » for the "meanijig" of ixifprmatloB Is , 
*'there*^ only because of the way the] system p1:ocessil^ it J and we ^viewed 
information processes as emergent^ processes, rec^ulrlng Multiple levels^ 
in the system. . The arbit^^ftcj^-^pect of information foiling the { 
*Haeaning** -^'is x^t a function of the sigckl which j.s transmitted *lp ^ 

""information exchanges; rather » it is a fimction of the^cl^g^s ixi the 
system as the sigxial is transfor^d up or down levels in the ixilbrma- 
tion process; The exact nature o\ these change^ can be explained onl^- 
if the set of relationships between the parts .of the^ystem it eadh * 
levels the sjystem is known^ The difficulty of gaining this kind of ^ 
information u one of the pointy brought out in Chapter Four. ^ 

- >^ In. Chapter Four we talked about the proce*sses of observation 
and description. Chapter Three ^covered th^. form of systems — how they 

-*re put together and how they work — ai^d Chapter Four coVereci the way 



in which ve may gain access to that form. We began by prescribing* 
desixriptioas. We said .that .all descriptions are based on arbitrary 
distinctions, dravn by the person describing the system. In orde^ to 
draw distinctions we nee4 soae way of getting ^^nfonuitlon about this 
system. This is accomplished through the process of observation^ 
yAiexe ihA obseryer intet^ts with the system In such a ,way iM to re- 
duce ^ Itncertalnty^hejias regarding some aspect of the system. All 
obser||tions fequire/lnt^;:acti6n wit;h t^e system being observed. 

V Mow, in Chapter Three wejpav some of the limitations on 
Interactions between two systems. An interactiqn Involves the'estab- 
llsbi&ent of covi^rianc/ft between the ^o systems. This covariation may 

' take place at any^levcl common to the^. two 'systems. Jhe^ ability 
the observer to establish and interpret thla doviurlAtlon .ln%uch a*^ 

r way as to Answer the particular qulestion that was asked will depend^ 

,ln put oh the Uioice of levels at which the system is "entered.-"^ ^ 
* s ' ^ ' ( . ; » ' • ' . - ^ 

:Z This is a complex Issue , becausiT of the relation betweens descriptions - 

at different levels axxd the behavlpr pf the system* at different 

lev^s\"' . ' • , ' , * 

/ 'Here the logic of alternative deffcriptlonft' becomes crucial. 

.Very slmftyi the logic of alternative descriptions that there may 



be many description^, of trie same system^ ^b of whij|r is; framed* from 
a different tevel of analysis. We may. speak about the whole systte, or^ 
Its parts, or tl^r part8,^'and so on. The compll^li^ issue here is ^ 
the emergence of^ apparcoitly new properties as we move up to hlghef and^ 
highest levels of analysis./ Thii«^ altbbujsh a maorodesdription must be 
equivalent if> a mlcrodescrlptlon o£ the ^same system^ this eqtilvalence 
might, not be appatentl Only If the mlcrodescription is complete in its 
Inclusion of all the ^eiev|Ent ^aspects , of the P4u:ts of the^ system will an 
eqiivalence be'po%«lbU» The equivalence liill only be seen if the micro*- 
d^cription is ptoperly 'transforpMd, perhaps by statistical or pattem-L 



' recognltioioi techniqufs,* intp an al^temate macrodescr'iptlon. . The choice 
of aspects to be included or^exoiuded is. of prlmary^ importance* as i! 



\| ti^ actual tifansformation method ^th#t Is adopted. 
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. If ,a transform^jtion is fomilated apd applied to a mlcro- 

. des^lption, the results may be ponpared to a' valid ^Lcrodescription 

aa,a test of the fitness 9f ^he transformation.. If a match 

« '« * (ained, the traostormation may^be used as a model of the s^^tem, in 

terms of par t-^ole. relationships* This Is a.viay of checking to see 

\ ^ - if the important and relevant ,wpects' are being included uln an explama- 

tipn of how the system %«arldi« 

^ The process of moving from mlcr.b-* to macrodescriptions v%s 
, • ' ' ♦ 

^ covered in some dept;h beoaxise it was fellt, to be important for two 

^ ' reasons: Fifs€, it prpvljlies a better conceptU4||. understanding- for 

ten 



the relatioti^hip between a-^eici^ption.of a system and ^ description 
of the parts of which' the aystea is mad^.^The' relationship hete is 



one 



^of strucjure to' func^l^,j^i^^ Structi^ is ^matro-concept^vi^JvA^^ 
^1^' a parallel micro--cohcept of f(xnction. This compati son will be used ^ 
^ ctftaln in later chmp^ets. Second^ the process p'roVides a way of workug 
* %dth>*yltems wh'erfe dfifta are oniy available fto» low leveis, while 



4^^iptions ar^^^destred jaty high levels • It 'sugjgasts the basic type 
of trima'fofmatlon th^t sjhouid 1>e used to makef the most oiit of the data-. 
Specifically, the transformation^ must be statistical, ^'ere there is 
a loss a great deal of microscopic infor^tion <|whi£h^ is useless 
at a macroscopic anyway) in exclmge^or a gain in'taacfioscopic^ 

information. . tt is ^hij} .selective loss of.detall that, allpws macro-- 
descriptions to- be useful « The principle of selective* loss detail / 
, is not only important to^observers of systems; it is crucial alsoH|or' 
the operation of ^he system itself ; as decision-making units strive to 
^ contM^^he behaviot qf the sjfs t em an<N;o , monitor their 'ef^ctivfnaasL^ 
by means^of feedback mechanisms of \var types. The parallel/impor- 
l^^tatice of tfie concept both t;o tlie sys^em^ and to itf observer suggest 
that the approach to the obsepration process i^ich w^ have outlined 
l^fere is^a coherent one — tUe observer is^ound by the same rules dk 
the ax^ tern being observed v . ; i ' 
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PREVIEW 



As the Atle^to this chapter implies, we are examining , 
structure as the appearance of form. Structure is what the\b8ervet 
se^s , while form is what the system is.. We can never have direct . 
accesi to^form — ?all knowledge of form is indirect, achieved 
through t^e process of observation.^ Thus*, structu^^e — .the "image" 
of the form built from information obtained through observation — is 
not tl\e same as the fot^ff; it is the appearance of form. In this 
chapter we explore the concept of structure as it ^applies to the 
general case of hierarcKical>^ systems. In this explication ye adopt^ ^ 
a strategy that, starts with these concepts; 



(1) basic definition of structure as djeviation from chaos 
or rkn^otmess; . ' * 



I 



(2j A systems rationale which says that emergent properties 
of the system <indluding structure) are*€ue to both 
/ (the properties of the/ parts of ^Aich the systei^.is made 
an,d to the way those 'parts are ifelated to one another; 

: , ^ / ^ 

•(3)- -The con'c^pt of^aitemative descriptions, which suggests- 
h<?w;to gorffrom^a description at a low level to one of 
a\ higher level . \ ^ ' 



We combine these basic concefptf' to obtain a notion ^'of syste^p structurje 
which Is solidly baaed in'H^c^ theoi^y of obstruction and tfesj^ptioh in 
I complex systems-. • The praaticA result of this logica]ir^occss is a set 
of guidelines- that suggestpUoth what to look for Ife Wgher levels of ' 
analysis and how^ to proceeikg^Laetf^ly loW-level data; 

We begin with a discusMsia of the definition of structure as 
^ deviftion from chaos or randomnsfes. After the basic notion has been 
■. .-^^larified, we aove on to- 4n analysis of structure froa the perspective 
, of coiq)lex, multi-leveled systeaa. In this section examine tha^ 
xelation between structure aii^ font, tying Iji the ideas-central to the 
proceases of observation and de'scription;^ Constraint •p;Lays a^. central 
-role in the logical analysis, and- in the next section we .suggest, that 
it also is cAtfal in. tbfe analysis of complex' systeai. In this' Part- we. 



V 

outline some proceduresy that may be used to approach any complex system 
when the 8.tructuie and organization are not la\own. A flowchart for ^a 
general "analytic^ algorithm" is presented and it Is Argued that this • 
approach is' appropriate for the '^general case/ * 

STRUyrURE , , ' 

We^%fill define structure as a deviation fr^ rahdooness or - . 
chaos. In order for the definition to be' useful, we need to know 
preci|ely what this "randotoess'' i's, since It is the major term dn 
the dfefinitfbn. Specifically, we ^ill be interested in the nature of 
^random, or unstructured, systems. Thus, we b^gin with raodomness and 
random systems. ^ 

y St^cture and Randonngss ' - — 

In a random or unstructured system there is no pattern^ J 
The parts of the^systcm are independjat of * one anothe^ . All(possibie 
states of the ayfl^am (and its p^rts) are equiprobable.. All of tKese ' , 
characteristics are important. Important also are some other chapax;- 
teristics implied by randoanesd. , Since the parts of the sya^em^are 
independent, ther^ is no systematic covariation of the parts. .When 
one part is -known to, be in the system, the' discovery that othet part^' 
are also in the system has no effect on our expectations of the. be- 
havior of the first part. The other pajrts are not related to one v 
another ;< they are not constrained as a result *23^^ being in tlfe system. 
For all practical purposes^ there is no'^dlscernable difference betwe«x - 
a part in isolati<fe and, one in a randcJm system:* the partjB-in the 
random system are free to behave in' the same ways they would behave if ' 
they were not in the system. The total variety of the random iystem 
is exactly the sum of tjie varieties of^t parts. Furthermore,' a rahdom/ 
^ described aa a collkction of independent patts at the 

».^-H«^CTw:pf tfie- parts. , *7 ' v * 



.1 
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Ranfioaaeas, is thus the absence of pattern, of order, -of 
iriteVdependence, of covariation, of constraint, of predictability. 
A-^;:«ndoa sj^te. is not in principle different from, a set of. randWy 



selected/parts. In £act).\numy theorists would ^go as far as to say that 
thefe ^e no "ra^om^ systems'." Thiy would say that what we have been 
callring "random systems^' are not, really/ systeaiB at all. According to - 
th^ viewpoint, the concept of a "random system", is self -contradictory , 

^ since the characteristic which distinguishes a system from f mere 
aggregation Is the interdependenge of the parts' of the system. In an 

. aggregate, the paftsj'are independent. , This is a definitional problem. 
Here we are using the looser definition 'fif system, w^ich allows the 
existence of "^'random systems." 

A structured" system is one that is not random. In a struc- 
tured system ther^.is pattern, regularity; order, organization.- The 
parts are, at leaat t5 an extent, interdependent. Since they are • 
interdependent, there is. some covariation of the parts. Thus, a know- 
ledge -of the---rf^tes of some>p4rt8-i8 likely to telX.us something about 
the states of oAer parts/ The. parts are thus constrained by .being 
in tlflt system' — inside' the system so«|e^ situation^ are more likely to 
occur than oiUgi^ the system, while other sitixations which are s^en 

^outs^e the sy^t^ are not seen inside the' system. 

. ]^ In.a structured system the .r^J^tio^ships between the parts 

are nbt random*. Thus, the existence of .some ffPacionships is more 

(pertain .thAn tj^e^ist^ce of others .1^ 4 knowledge of some relation- ' 

ships wi'H-t^ll us /Something' about the probability of the existence ^f 

other relatfonshipsY- ^.^^ more-^ pfobable, while others :Vl11 be 

Aess probay.e.^ ^ ' ; ^ . ' ^ ' 

rructured systems are .thus different from, random or unstruc- ' 
Let us examine the deeper relation betweep Structure^ ancl. 
^o^ie of |the ^other concepts w|e have been -working with. 

- E»erg«nt Properties, ^vla.' and Structure 

• In a randoa. or imadrjictured system, the parts are independent 
of tone. another. What^ relationships there are between parts are also 
ran4oi^ — the relationships are independent of one another . ' There are 
thus two ":levei8" of. randosmess. At the first,, the parts are indepen- 
dent^f'one #noth*r. There is no interaction among Mny of the parts! 
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At the second level, there' nay be interactions among the parts, but 
these relationsliips are independent of one another* Many tiaes 
there will be a mixture of the two types of randomness. For ext^)le, 
in a ^cial iystem that includes, say, the people in a waiting room, 
most of the people will not interact with any of the others. What 

' interactiotii, there are are essentially random they are not coordi- 
nated in any special way. Throughout the res^of the discussion, when 
we^say '{random system," ve %rill mean random at the second level. 

If relatjtonships are viewed as constraints, thi^maans that 
the constraints in a rimdom, system are random a^o. There iK no rela- 
tion between any one constraint and any of the^^hers. 

^e said earlier that emergent properties have their roota-la 
the Relationships among the parts. "Because of the relationsbips among 
the par^ts," we said, "theNiystem beha^vef in ways the Individual parts 
do not or could not." W^lso said that th# notion of emergent pro- 

.'perties is very dofely tUd to the notion of levels, which we defined 
in terms of emergent properties: a set of interacting parts is said 
to be at a higher level than the Individual parts if the set displays 
emergent properties as a result of the interaction. 

Two notions stem from this^ discussion. First, in a random . 
or unst^ctured system there are n(?!emerjgent properties. This, of 
course, is because of the independence of the parts and the absence^ 
of relationships between them. Second, in a random or unstructured/ 
8ys<;em, there is no new level above the level of the parts. In^ other \^ 
words, the level ot the system is the same as the level-^^f-the parts. ^ 
The properties of -random ^or unstructured systems are thus the same as 
the properties of the parts, of those systeas, which behave siaply a? 
thtir parts. behave. In other words, the behavior pf random systeas is 
the saae as 'the behavior of their parts —.no acre and no less. 

Structure and Form L * 

We said earlier In this chapter that "structure is the 
appearance of form"; t^t "structure i^ what the obsferver sees" and 
7'"for» is vhat- the^i^ea is." This section exp'ands on thesel^olnts. 



The form of the ^rstem is What the system is. The form pre- 
cedes all the dilstinctions that could be drawfl^ because it incorporates 
(is) all the differences that* can- be used as bases for distinctions • 
The f6rm defines the system. The form is the system 

If the <system is formless, no distinctions can be drawn 
because -fchere are no differentes. Nothing can be said about a^ form- 
, less system, other than that it is formless*. The more differences 
' there. are in the form, the more distinctions can be drawn, and the^ 
mor^ that can be said about the system. 

Now, the 1)bserver does not have direct access to fon# The 
best ,the observer can do is "sketch in" the form, by interacting with 
the sysrem in such a way as to discovei some of the dif f eirences \in the 
form.^ In thi& way, it discovered that sjsteni^^ have boundaries^ .or 
are hollow, or are red, and so on. \ . 

If the observer is uncertain as to the aspects of form that 
are likely to be seen, -he is lively. to make a greaf number of obser- ' 
vations in the^ hopes that it will be possible, to.discover the iapa^tant. 
differences in tfhe form -by looking indirectly -:- at the datja points' • 
provided by the observations. If the data points are .all" the sane, 
no differences are^ observed and Very little can he said. There is' no 
variety in the form. ' - . \ 

On the other hand, if the dat^ points are all different, the 
otily description that is faithful is one that reports all the differences. 
Here the best description o^ the system ia a description of its parts. 
This situation ia the random system — -chaos. There is ftp constraint. 
The^e two types of systems — organized sliiq>lici.ty (Ao 
ty) and chaotic complexity (no constraint) were discussed earlier, 
ard^t interested in these types of 'systems, but rather in the" 
third class — organized complexity — where there is variety and • . . 
coQstraiot. ' ^ . - 

In. this type 'of system there, wd,ll be some systematic varia- 
^on ot ^a^ern instead of ^ibsolute chaos in terms of differences in ^ 
Ae form (and hopefully the obset^ations) , so that some sets x,f parts 
are ^d^f erent from other ^ of parts., or some sets of relationships ' 
are different i^, some way fro^ other , sets of relationships. It ^ 







possible to base distinctions on these higher-level differences in the 
system. Here the best description ^of the system i? not one which 
merely distinguishes ^each part from^all the otheM, Itath^llt*, it will 
be one' which distinguishes different parts, but not sintilar ones. 



the description of the sjrstero will be simpler thyi the combined 



olBW&iptions of all the parts in the system. / 

What is being described , here is^ the structure of the system. 

Tlm^tena "steuctuxfa" /refers to the appearance- of form — the differ- 
rencts reported by the observer i6 the^^data points. In a sense, struc- 
\ ture^ is. the form as reconstructed or modelled by ttte observer. 

Properties, Descriptions > and Constraints ^ 
/ , » \ *The concepts of properties,' descriptions, a^d constraint are 

all intl^tely' related. "Properties", are seen in descri^^tions'of 
^ constrained, sysfceas. How does this work?* ' ' ^ 

J i Descriptions, we saw earlier, involve the draw&g of dia- 
tinctionsi In order for ^a^distiiflction to drawn, an observable dif- 
ference must be perteived by an observer. Properties jare •sinq)ly a 
^ype of distinction drawn on the basis of some differences^ the form 
of the systeA being described. For example, if we speak of a system's 
weight or age or length, we are distinguishing between the particular 
system observed and all systems having different wei'lhts, iengthfJ, or * 
ages. These. distinctions involve the establisJkcnt of relations 
between' the system being observed and other systems, jf we speak of, 
the shape of a system, or talk about the^relation of one side of the " 
system to th^ other side, we are distinguishing between differ^t^ parts 
'of the srysteii,. ^Here we are concerned with the est*J^ishment of rela- 
tions betweeii the parts of the system.^ These relationships, lik^ all 
relationstOp^ , depends on some kind of constraint. If there were no'* 
constraints, differences could not be observed, and distinctions could 
not be drawn. The system would have no observable properties. 

The more differences we can observe-, the more we can infer 
about constraints operating in^he system, and the more properties we 
can describe df 'the system, ^e^i^ore random a system is, >he less ^ ^ 



, 4 

constrained 'It will be, a^d the le^ss differences Its form will have. 
This means that we can make fewer distinctions, and describe fewer 
properties. We would say that the system "has" few observable 
proper tiesT*"/ V ^ . ^ V ' 

. fA systeitf- may -Composed of a set of unconstr'ainpd or ran- r 
domly organized parts. Even if ^hese parts are themselves higjily 
struct>dred (^±.e. , if they show many clear properties), such a random 
systtti will "show" no properties not seen in the parts t>fjwhich it 
is made. T^e best that can v^e done to describe the "pj^perties" of 
the system in this case ^ is to^escribe the properties of its parts. 
Tlie only constraint operating In the system is in the individual parts. 

If there is some constraint in the way the parts are {Organ- 
ized ^ how^v^r, this" will lead to differences which can ^e observed 
and described as "properties."- Snakes, ^or example, have two ends. 

different from the middle, ancf one end Is different 
from the other. These differences are <iue to cons^^iints in the way 
thefcell^ of the snake are organized? If these constraints were not 
allowed to operate, tfie ends wcyuid be the sme and it would not aake 
sense to speak of the "head" or the "tall." If the ends were not 
differeilt^from the%nidd-le, the snake would be like a hoop, with no 
e^ds of any. kind. It Is the constfcaint that allows differences which - 
determine the properties of the systeo. " . . ' 

Emergent properties, like oth^r properties, are baled on 
differences/constraints. When the parts of a system join one another . 
in the relationships implied by membership iij .the system, they 'are 
conlBtrained in some way. It is Jgp -additional constraint" that allows 
.emergent properties to l^'be." "t^^ore organized are ^he relationships \ 
among the parts^ i.e., the more related/constrainp4 are the i^elation- 
ship8.through6ut the system, the more the system as a whole wtll show 
pr/perties as a unit. On the other hand, if the relationships among 
the parts are unconstrained.-;- independent, of. one anothe'r — t.here «aay 
be no differences to be obsS^lved and thus no emergent propertie^s. The 
system 'fbehayes" as a collection of randomly organized, parts. 
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Even if the parts are constrained by their relationships wiflT^ 
other parts, there may be no constraint in the overall set of rela- ^ 
^ 'tionships. This situation ±s illustrated by a. bucket of 'sand. While 
each grain is physically constrained by its neighbors, tljere,is'nd 
overall order to the set, of these physical -constraints. Because there > 
are no constraints on the set of constraints, there are no differences \ 
over the set and, therefore, the sand as a whole shows no eaergetft 
properties. , * . 

Sources of Constraint; Structure vs. Control Systems 

There seem to be two sources of constraint on the clients 
iScAjxomplex- systems. , The first is simple — tfie p&ysical character- 
istics of the elements directly limit theft interactive capabilities. 
To^uniier stand how an element is bound by this type of constraint it is 
necessai^y only to ej^ine the^feiSacnt itself. This is becai^se the 
con$traint is due to ^the form of 'tjie element, ^and not ^o otheiT 
considerations. 

' - ' " ' * > ^ , ^ 

THe second source of constraint on the. elements Is morie^ 
complexr~Because of the way the parts Intferact, the system may have 
s^ome emergent chk^acteris^iqs that modify the behavior of the parts in 
the system. This amounts to what Pattee' (1973) called a "feedbacK loop 
between levels* Pattiee arguea that Xh is , kind of constraint is what 
dllow» the system to control lits own behavior. Ii^ order ""to understand 

"how the system constrains the elements of which ttUs mad^^Lp is n^es- 
sary to examine the whole .system. This is because the constrittnt ds 

^ue to the fprm' of the system, rather than the form of thetJirts. 

Xn the systems vrtiere only the first kind of constraint ^s > 
present, tKe;:e^is a l^lerarchy of organization, where tlie system"" is made 
of parts which are made of smaller-pStisytife so on." These hierarchies'" 
are'also char^pt^ljsed by "hierarc>ies. of numbers, f^rce^ and time ' 

.scales i so that I'arger numbers , .weaker forces, and longer time scales 
are assoctated^ with higKer le#i^s in the system (Pattee, 197^^ pp. -75- . 

■77). These systemsW be descifibed by dynamic equation^ wi?itten for •» ' 
one level of the .system at a time. In these equations it /^'^ossible I 

■ iA^'*- ' ^ ■ '■ 

•- t • ' •. . 
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to make the simplifyljig approximation that there is a ''typical particle" 
whth is^ characteristic or representative of the collection at that level. 
The behavior of gaseous systems is so described with the model of per- 
fectly elastic molecules, where the individual details ate averaged out 
and dynamics of higher levels are constant. 

When the upper levels exeft partial constraints on the details 
of behavior of lower levels, however, the case is entirely different. 
In this situation, there will be a hierarchy of controls, instead of 
a simple hierarchy of structures. Pat tee says that: 

J 

In a control hj.erarchy the upper level exerts a 
specific, dynamic constraint on the details of the 
motion at lower level, so that the fast dynamics 
of the lower level cannot simply be averaged out. 
The collection of subunits that forms the upper 
level in a structural hierarchy now' also. acts as 
a constraint on, the motions of selected indivi- 
dual subunits. This amounts to a feedback path 
between levels. Therefore, the physical behavior 
of a control hierarchy must take into account at 
least two levels at a time, and what is worse, 
the one-particle approximation fails because the 
constrained subunits are Atypical. (Pattee, 1973, 
P^ 77) 

The constraint on the lower levels will be exerted by the higher levels, 
rather than only by other lower-level phenomena. One effect of this 

A 

kind of constraint will be that the relationships among th^ lower- 
level parts will be organized into higher-level patterns. The relation- 
ships themselves will be organi^d in ways that would only be possible 
with direction from higher levels. In order to see how the parts 
behave it will be necessary to examine them all in the context of the 
overall system because there are no "typical particles" in this kind of 
system. This 'analysis requires an examination of two levels at a time.* 

Summary ^ * . 

Before going into a description of general research approaches 
to complex systems, it will be useful to summarize the . important points 
, concerning constraint which have been brought, out in the discussion' of 
this chapter. 
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(1) Structuring in systems results from constrained yarieit^. 
Thus, random systems are unconstrained. 

(2) Pr9perties may be described when^ differences re'sulting 
from constraints are observed. 

(3) Ekaergent properties are dependent on organizatipnal 
constraints, which ^operate on the level of relation- 
ships among partes. ^ 

(4) Total constraint results in static' structures or organ- 
ized sijaplicity. Zero constraint results in chaotic"^ 
aggregates. Neither of these allow for interesting 
emergent properties. 

(5) Constraint lexerted on low levels by low levels allows 
the development of local structures but npt system 
level dynamics. ' 

(6) Constraint exerted on low levels by higher iWels allows 
tht development of complejt forms of organization where 

^ hierarchical coqtrvpl processes are seen* .This kind of 
constraint will be evidenced by the organization of 
* relationships between parts into higher-level patterns 
which can only be examined in the context of the entire 
set of relationships. 



STRATE&IES FOR RESEARCH 

The goal of much research in the area df ^omplex systems is 
to gain an understanding of the characteristic properties of the ^ 
system together with an explanation of how they come.'^to be manifested 
by the system. In the process of achieving such an understanding, a 
number of questions will have to be answered. One of the first of 
these will be: Are the observed propertie*s associated with the system 
as a whole or with the individual parts of lAich the system is made? 
If the toswer is not immediately obvious, due to the factvthat the - 
particular properties ^observed could 'only exist in a system of several' 
parts, the question can be answered empirically, by studying individually 
the parts after they have been isolated from the rest of the system." 

If the properties are no longer observed, they are "associated with the 
system. 
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In many cases, however, it may not be clear what the "proper- 
ties/* of the system are. This could be due' to- the fact that the par- 
ticular system being observed was never- examined as a whole intact ' 
system before. It may be due to the fact that techniques for measure- 
ment or observation have not been developed for the particular type 
of system being studied. It may be due to the fact that virtually 
nothing is known about the system at all, other than that it contaittB 
some particular set of member elements. 

If the last i's the case, it will be necessary to approach the 
system from a most bisic perspective. This approach might be one that 
sa^s to get the best possible information about the system and use as 
much of this information as can be utilized in formulating a descrip- 
tion of the system. 

. We said in Chapter Four that, while it is possible to make 
high-level statements about sysjtems when only low-level data are^ 
available, it will probably not be possible to move in the other 
direction. Because of this limitation, we will deal here only with 
cases where lo%ii-level data from sets of elements which we wish^to 
study as systems are available. 

The kind of information that will be most useful is informa- 
tion descriptive of the parts of the system and of the relationships 
among those parts. Given this kind of date in a situation where^we 
don't know anything about the system as a whole, the first question 
we would^ask is, "How constrained is the system?" Here we would be ' 
asking how interdependent are the patts and their relationships. If 
the system is a random one,' there is ho need to study it as a system. 
It will be better to study it as a collection of separate parts. If 
theSgj^tem is constrained, however, we will want to know more about the 
way it is'organized. How many levels are there? What kinds of con- 
straint are operating on the loweiVlevel parts? What emergent proper- 
ties can be identified? ,Vhat are the dynamics of the system? What 
kinds of control mechanisms does it contain? ^ 
« • In the next section we present a flow chart for a "general 

algorithm to study structuring in complex systems" (GASSICS) . ' The 
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process described there will result in a descripti<5n of the system, in 
terms of hierarchical levels, with a specification of the organization 
of parts at each level, This*is the first step • toward gaining an 
linderstandiiig of the system. Although working through the process will 
give a description of hov the system is organized hierarchically, * it 
will not explaJlri bhe dynamic behavior of the system. In order to do 
this, it will.be necessary to study the system as it interacts with' its 
environment across many periods of time^ ' 

A GENERAL ALGORITHM FOR STUDYING STRUCTfhlE IN COMPLEX SYSTEMS 

We present here' a general research strategy for studying 
structuring in complex systems. Because the strategy can be outlined 
into an explicit set of steps, we call it an "algorithn." Compared .to 
many "apprbaches" or Vethods," this one is almost mech&iical to c^^rry 
out?. We call the procedure GASSICS — General Algorithm for Studying 
Structure in Complex Systems. . > - ' 

The GASSICS procedure was formulated to take advantage of 
the conceptualization ve have presented in this Fart. All the basic 
ideas about^form, constraint, structure, the processes of observation 
and description, and the logic of alternative descriptions , are ^Jicor- 
porated into the procedure. '* 

In the last section we outjlined some general research ques-'* 
tiotk^s we would ask when approaching an unknown complex system, 'fiki 
ft^sk questions centered on the form of the system, or rather th€^ 
appearance of the form to an observer structure.- Since we^.vly^ed 
structure in terms of constraint ,^ constraint is a core Conce{?t in thc^ 
GASSICS procedure. The ^inal result of a conqplete application of *th^ 
procedure is a description o£ the system In terms of hierkrchipaL 
levels^^ith a specification of the organization of parts ist each ley$l 

.The procedure begins with a lo%r-level description Qf the 
parts of the system. In general tern's, th^se parts. woul'd be a^* the 
highest level at which units are both readily identifiable and?aicte^-- 
sible for oMervation. The procedure itself is organised as a recur- 
sive loop. Bach cycle through the loop mpves up one level- of aAalyais, 
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so t\^t the result of one cycle is a description of units one level 
' hi^er/ than the original parts. These units are used as parts in the 

VifSX cycle through the loop. There are two points in each loop vfa^re 

/the procedure may terminate. One of these will happen if, at some 
/ level, the system is found to be random or unconstrained. -Tl^e other 
/ will ^happen where the highest level — that of the whole system — is 

reached.' Let/us examine the procedure more closely. 

\ 

The Loop ^ . ' ' 

Ue begin with a low-level descriprton of the pkrts of <the 
system. This description must include data abotit the relationships 
between tHe ■ parts in terms that can be related to constraint. When 
two parts aria rel'ated, one or both is constrained by the relationship. 
.Ihe-data, then, wil]j be a description of 6a:ch relationship "between 
parts. (The data are described more fully in the next chapter.) The 
collection of this data is the first step in the loop. 

The* second step in the loop is to see if the set of relation- 
ships among the parts is constrained or non-randota. . If it is, there is 
evidence of structuring, in terms of higher-level organization. This 
implies either that the system as a whol|e may be broken down into 
differentiated parts or thk^ the next* level above the level of the parts 
is the level of the whole system. " , ^ , t 

The third step, of course,' is to identify the differentiated 
par^ts, if there are any. 

When the parts have been found, we begin another loop by 
obtaining information about relationships between thenev, second-lcyel 
parts. The relationships, at this level are not Ifkely to "look" the 
same as the'orfginal low-level ^relatlonshj^ps. This would be expected ^ 
because the units we are dealing with are not the same — in: fact, they 
are. made\up of several Smaller units. .Th^.s problfem is discussed in more 
detail in Chapter Six. - » 

. At any rate, this new set of relationships would' be examined 
for constraint, just as the earlier set was. The rest^ of the loop is 
computed in an analogous manner each time, the only difference being 

-to. 
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the level of analyisis each time through the- cycle. 

The GASSICS procedure is diagif^uaned in flowchart form it 
Figure, 1. The three main steps in the procedure arc shown by the! 
' numbered .parts of the diagram. The box at th^top ±a the data collec- 
'tion step; the diamond is the constraint or structure test; an4 the 
trapezoid is the ste^ in which differentiated parts are identified.. ^ 

The first three chapters of the next Part correspond to th^r^ 
three steps in the GASSI-CS loop ; the fourth presents a .general discu6- 
sion of °the procedure. 
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, PART THREE 
OPERATIONALIZATldNS - ^ - , 

\ • 

In the chapters of Part Two we discussed the conceptual basis * 
for a coherent approach to the study of complex systems* We started . 
with an analysis of the form of. systems and moved on to an examination ' 
of the processes of observation 'atid description. From there we went 
on to discuss- structuring in complex systems — what would we find., 
given an understanding of what we were looking at and how. the "looking" 
process works. Finally, we outlined GASSICS, a general procedure to . " 
use when approaching unknown syst^s. 

The chapters of Part Three present an operationalization 
^bne cycle of the GASSICS procedure for use. in large-scale- systems. 

The steps in a cycle of the GASSICS loop are: 

(1) Obtain information on the relationships between the parts 
of the system. 

^(2) ^Examine those |data to determine whether or not the parts 
are organized in some structured manner. If the set of ^ 
relationships between the parts is found to be struc- 
tured or constrained ... 
* • * 

(3) ... examine the set of parts ^r units one level higher 
than the original parts. 

If the total set of parts breaks down into several higher level 
units, go back to the first ^ep, using the units as parts. 

, Chapter Six describes measurement problems in general and i 
giyefi specific examples of a technique designed to collect the appro- 
priate data for the study of large social systems. In Chapter Seven • 
wjfc develop the statistical tools neederd to perform 'the test of struc- 
ture used in the second step of the GASSIOS loop. Chapter: Eight pre- 
sents an algorithm that identifies units one level above the level of 
the parts, together with a description of a computerized implementation 
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of the algorithm. Chapter Nine consolidates the earlier chapters of 
this Part and discusses this operatlonallzatlon o*f the GASSICS loop 
In general terms. In this overview, ve see how the analytic procedure 
fits into the overall approach to complex system^, as veil as hov it 
relates to^ other methods of analysis. 



CHAPTER SIX " ^ ^ 

STEP ONE OF GASSICS:" DATA COLLECTION 



INTRODUCTION 

In this chapter ve will disciiss the first step of the 
GASSICS procedure. As we saw at the end of Chapter Five, the proce- 
dure is a loop, with one cycle <or each level in the system ab^e the 
level of the parts. We begin with information about the relationships 
between the parts and move up levels, one at a tlme.,"^ until we come to 
the highest level in the system. 

Assumptions ' ' 

There are some assumptions being made which should be dis- 
cussed at this point. First, we only move up levels . The reason we 
go up instead of down is, of course, the asymmetrical relation between 
alternate descriptions at different levels. This issute^as discussed 
in Chapter Fout. ^ * 

The sepond assumption we foake is that levels are discrete, 
and can be taken one at time . If this were ndt the case^ we would 
not be able to have a discrete> repetitive loop as we do in the GASSIC^ 
ptocedure. We would not be able to have any single description without 
having every description — there woiad oply be one description — with 
none of the "alternate but equivalent" b^lness we spent so mudti> time 
on in Chapter Four. II 

^ How do we justify the second assumption? Tijere are two lliies 
of thought we can follow. The first' is based on the nature of descrip- 
tions and the second Is more empirical. Let us st^art with the logical 
argiment first. The argument will be that the very nature of descrip- 
tlons^demands a discrete organization into levels. It goes like this: 
descriptions are based on distinctions, which are made wh^ differences 
.are noted* If there^is a difference perceived In thc'form^ one part 
can be distinguished from the other. Distinctions cannot be made when 
differences cannot be reliably noted.' Thus, distinctions, are discrete. 
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Since descriptions are ba^sed on distinctions » they too must be 
^discrete. ' * . ' 

What is the difference, in ^erms of distinctions , between - 
two altexnaiate descriptions at different levels?* Basically this — 
different distinctions are being made. Recall that we defined the 
concept of levels as a concept of description. We said a set of 
interacting parts would be at a higher level if we observed properties 
in the interacting set that we could not observe in the set^ of pa!rts 
"^aken one at a time.. We called these properties emergent properties 
and said they were ^ue to the interaction of the parts* 

At higher levels, then, Ve wllL be describing emergent pro- 
perties/Qr characteristic^ af the system, rather than simply properties 
of the parts. We discussed properties in terms, distinctions based 
on differences in the form. These differences* were equated with con- 
straints in the system^ At higher levels, there ax^'^new properties — 
new distinctions, based on new differences. ^rbf|se':dl^lerences result 
from constraints due to the way the parts ,lnt^t^ra^«^ SV' 

This is all fundamentally discrete. ''^^ A'^desd^tidn at one 
level will take account of one set. of distlnctionsVTiHi^iX'e a descrip- 
-^ion at a higher level will 'take accomt of a dlf f er^^t ^ife^of dis- 
tinctions, based on the only thing that is different ' between ^ 
coJ^lection of isolated parts and. a system made of inj^'eracting parts 
the Interactions. * • , ^ ^ 

Thus, we have discrete levels of dejlcription. As we include 
taore and more global interactions, — that is, interactions covering or 
constraining larger and larger segments of the system — * .we move up to 
higher and higher levels. * . 

( The empirical argument for discrete levels is based on the 

idea of near (decomposabdllty > ia concept described by Simon (1973, 
pp. "9-10). If .we examlije the kinds of interactions binding the parts 
of. a physical system, we see that ther'e are sharp changes in the 
strengths of these bonds as we move up or down levels. * For example, 
protons and neutrons Interact primarily through what Is called the 
"strong force." At this leVel, -bonds are on the order of 140 million 
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electron volts each* One level higher we -have molecules, where the • 
ectro-tnagnetic forces ^re on the order of five to six .electron volts, 
this level the.^lstrong forces do not operate.^ The bonds responsible* 
for the tertiary structure of large* ipacromolecules are on the order of 
one-half of an electron volt. ^ "It is precisely this sharp gradation . 
in bond .strengths ,at successive levela that causes the system to 
appear hierarchic and to behave^so" (Pattee, 1973, p. 9). 

' Not only are there different ^cinds of bonds at different f 

levels, but there -are also different behavioral characteristics. Per- 
haps mo^t fundamental here, is what Shimon calls^ the "associated, frequenr 
cies" of each level. > 

Motions of the 'system ^eterminei^ by the high frequency ^- 
modes will control the internal interactions of \, ' 
the components^ of the lower leuel Subsystems in the 
hierarchy, but will notlbe involved in the inter- 
actions among those subsystems. Moreover^ these 



motions will be so rapid that th^ corresponding 
subsystems will appear always to be in equilibrium . . 
and^jfiost of their inteihial degrees of freedom will' 

In;thelr ^relat ions with laach other, the 
sevl^P^ubsystems^wiU behave lik^ rigid bodies, 
so t^ppcak. " . ' ' r* * 

The middle band of frequencies," which remains after 
' \ we have eliminated the very higk and ver^low fre- 

-quen^ies, will determine the -observa^e dynatmics ^ • 
^ of the system under study — the dvM^cs of ^ • ' \ 

Interaction of fl^e major subsystem^.1^( Simon,' 1973; ' ^ 
.p. 10) , . . . 

Because there lare such, sharp breaks as we go up or down levels,' 
Simon calls these^ systems "neariyMecomposable," meaning that for almost 
all practical purposes the system can be "decomposed" into discfete 
levels.'"' Thus, the second assuipption Is supported 6y th'e empirical ' 
evidence, as well as logical arguments. 

Simon* 8 ^presentation of near decomp6sabllity was discussed ^ J 
in terms of physical systems — electrons, atoms, and sovon. The same ''^^ 
general concept seems to apply'to social systems asiwell.' For ex^aple,.: 
the ^relation between a husband wife* is usually much stronger l^an 



relat4.on ships between dlffe^eiit families In a neighborhood* It Is also 
a fundamentally different kind of relationship* Going up another level, 
the reliittOMU^ between families In a comtunlty are different from 
the relationship^ between' communities, cities, states; or countries* 
The same kind of hierardhy can be seen In la/ge\>rgan£zation8, as we 
.taove'from work teams to departments tp divisions, and so on* The impli- 
. cations the second assumption are discussed In the next section* 

^ ImpJ^ieatlons of the Assumption of Discrete Levels ^ 

The assumption, that levels are discrete suggests. that we can 
go up one level at a time* The reasons behind the discrete nature sug- 
gest the kinds of differences we should expect to see as we go up levels* 
Both the logical and empirical* arguments discussed above imply that the 
relations, between the parts at one level will be* different from the 
relations between the parts at different levels* One aspect, however, 
will be the same — all relationships Imply^ome kind of covariation 
between the parts* All relationships ccmstrain one or both of the 
parts, no matter what level ^ the parts are at* 

« 

RELATIONSHIPS , 

What, more can we say about relationships at this point? First,' 
relationships will "look different" at different levels* They will re- 
quire different observational techniques to be used. Although it is 
possible that a relationship between units^at one level will be 'equi- 
valent to (or reducible to) a set of relationships. between t^e parts of 
those units at a lower level, there is no reason to expect this to be 
true in all cases; or even in a majority of cas^s* 

Second, the exact nature of the relationships that may be^ 
entered by a unit at some level will be mostly a function of the unit 
at that level* In other words, it will be difficult to determine the 
nature of relationships at some level without some information aboutX 
bov^p^e units behave, even if Information about the, parts of those 
units at lower levels^ available*^ The lower level information may be 
very useful, but it might not be sufficient in all cases* It will depend 
on the system. " / 
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Third, there are some general characteristics that can be 
used to describe relationships at all levels* These general charac- 
^ieristics are described in the next section. 

General Characteristics of Relationships 

1 * Strength ♦ . ^ 

Probably the most basic aspect of the relationship is its 
strength. How much constraint is there because of the relationship? 
To what extent are the behaviors ^f the involved elements Influenced? 

2 . Syn&etry 

Are one or both of the involved elements influenced? If both 
are influenced equally, the relationship would be symmetrical . In 
symmetrical relationships, there is no concept x)f direction the 
Clements are mutually intluefifced. If only one element is influenced*, 
the relationship joxild be asyiaietric'al , and it would make sense to 
speak ^of the direction pf the relationship. In terms of which element , 
Influences the othier. 

% 

^. Transitivity . o ' 

Dpes the Influence of one relationship carry over to the 
other relationships die elements may be involved In? In other words, 
if A is related to B and B is related to C, does it follow that A nmst 
covary with (be related to) C? If this is the case,^the relationship 

would be transitive . Otherwise, it would be intransitive. 

^ _ ^ 

Matter-energy vs. Information Relationships 

In Chapter Three we discugsed the differences between matter- 
energy and information relationsltij^. One aspect of the difference v* 
did not discuss was this: ;ln' systems where the interactions are all 
matter-enfergy, there will usually be only one type of relationship be- 
tween the parts at any one ijLvel. For example, in physical systems, 
at the level of awbatomic interaction between the protons and neutrons 
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of an atom, only the strongs force has any effect. The electromagnetic 
forces, weak forces, and gravitational forces haye no effect at this 
'level, At the next level up, where we are speaking of bonds between 
atoms in molecular structures^ the only forces that are important axje* 
electromagnetic. Thus, at any level only one kind of interaction may 
be observed between parts. 

In information systems, however, this may not ife the case. 
It is possible^ for there to be many different *types of relationships 
concurrently between the parts at some level. In fact, it is piossible 
for there to be several distinctly different systems, all composed of 
one set of parts. In this "overlapping" system situation, the parts 
at some levels may have several "model", of behavior;, so that if these 
modes are examined separately, each will appear as a distinct, complete 
system^ It seems likely that these multiple modes are more accurately 
described as different aspects of the microscopic characteristics of 
the low-level parts* Some of these aspects may be important at the 
low levels^^of the parts, but irrelevant to the system as a ^ole. The 
resolution of this issue may be primarily an empirical task, but it 
surely demands more in the way of logical clarification, too. At the 
present time, it, seems advisable to isolate these, modes during analysis, 
at least when using this first operationalization of the GASSICS 
procedure* ' % • . * 

The discussion so far in this chapter has been conceptual. 
Ih the next sections we turn first to some issues related to opera- 
tionalization in general, and second,^ to a, specific application. 

OPEt^TIONALIZATION IN GENERAL 

The issues we have been discussing are conceptual.. In order 
to use them we have to translate them into operational procedures. In 
other words, we need to build a model of the system, the form of 
data. Thev5;data will be the operational counterparts of the conceptual 
terms. In orde^ to preserve the conceptual clarity we have been trying 
to maintain, we observe the distinction between^the conceptual and 
operational components. To underline this distinction, we introduce ^ 

III 
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new terms to refer to the operational aspects. Sometimes the opera- 
tionalizing procedures will l^ad to situations where new, additional 
distinctions need to be made, due to the relation between the concep- 
tual and operational systems. Both this new terminology and the 
distinctions associated with it are presented in this se^ion. 

We start with the basics. Where we had the concept of the 
system , we use the operational network. Where the system was jnade of 
parts and relationships between them, the network is a set of tiodes 
with links between them. 

The network is not the system* ' It is the ^^mage or model we 
use of the system, in the form of data. Similarly^ the nodes are not 
the parts of the system; rather, they are artificial constructs that 
represent or stand for the real parts. Finally, links are not rela- 
tionshlps. Instead, a link betwe^ a pair of nodes indicates ^that 
there is a relationship between the corresponding pair of parts of the 
system, 

Symmetry/Reciprocity ' ^ 

Just as we use nodes and links Instead of parts and relation- 
ships, we also differentiate between the theoretical concept of sytometry 
and its operational counterpart, reciprocity . In this case the dis- 
tlnctlon is most important when measurement techniques may be ui^realiable, 
F6r example, if a relationship is cond^tualized as .symmetrical, if A 
is related to-B, B must also be related to A, . This is analogous to the 
case when both parts are equally constrained by the relationship. Here 
we would expect a parallel symirietry in the data. 

If, on the other hand, the constraint is not equal, ,ao that 
one node is constrained while the other is not, we might find that A' 
is related td B ^t B is not related to' A, Here we could replace "is 
related , to" w!|.th "is constrained by" and the meaning is obvious. In 
this case, where the relationship is directed , -or asymmetrical, ve 
would expect a parallel asymmetry in the data, \ 

In keeping with the distinction between%perational and con- 
^ceptual term?, we speak of reciprocity instead of symmetry . Thus, if 
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node A is linked to node B an^d node S is linked .t<^node A, the A-to-B 
link is reciprocated ♦ (Perhaps it is more appropriate to say "A-with-B 
. instead •} . If A is linked to B but B is not linked to A, the A-to-B 
link is unr ec iprocatted » 

' piearly, ve vouj.d expect reciprocated links for symmetrical ^ 
relationships, and unreciprocated, links for asynmetrical relationships* 
If our measurement technl^ques are reliable, this is what ve will get. 
M^y times, though, this dqes not happen. Why? 

First, as ve pointed\out^ the measurement techniques might ^ 
not be re±±kble. Some relationships will be mlsse'd, leading to missing 
links and thiis unreciprocated links."* . .Other relationships wll]Pbe^ 
wrongly identified, again leading to unreciprocated links. But this 
situation might not "look" any different from the second problem situ- 
ation — we may 'have misconceptualized the relationship as symmetrical 
in the first place. Maybe the relationship was really asymmetrical.* 
This would also lead to unreciprocated links* Here, unreliable 
measuri^UBent would \ead to some casSs of reciprocation, as well as some' 
false unreciproc|fted links. If the relationship was strictly asymme- 
trical , so that A r B Implies B not-r A, all reciprocated links would 
be* evidence of measurement error. To make matters worse, the rela- 
tionship may be correctly conceptualized as symetrical, but the 
operationalization may "elicit". or get at a different, asymmetrical 
relationship. This would lead to unexpected unreciprocated links ♦ 

Can this mess be straightened ouj^ Only partly. In general, 
if our conceptualization is correct, our ^erationalization matched to' 
it, and our measur^ent technique is reliable, the data obtained will 
fit the conceptual model. It is when the data do not f it the ^expected 
model- that trouble should be expected. Clearly, the weakest points 
should be, examined iEirst and subjected to cross-validation, if that is 
possible^ , 

If the measur&ient technique is thought to be the source of ^ 
the error, and it is no|^ possible to correct it and repeat the' measure- 
ment, there arjfc tw^ courses of action. First, tlje "conservative" one: 
in the .case of symmetrical relationships, unreciprocated links ,^e 
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dropped. In the case of ^strictly iisyimietrical relationship^ , Recipro- 
cated links are dropped. ' Vlie "liberal^' approach would add tl^/haissing 
halves" of unreciprocated links in j^he case of synnnBtrical ^l^tionships 
In' the case of strictly asynnmetrical relationships, there ^s no "liberal 
approach. Also in the case of relationships that are neither strictly 
afymiaetrical nor strictly symmetrical, there is no ^a^ o^' distinguishing^ 
pro)uU>le .^rrors from correct data, and nonaction can ^e /taken. 

' \ • ' / 

^Streng^tis ^^ . * 

Because the relationships are not dichotoaous in the extent 
to which they constrain nodes, we can be more -accurate when speaking of 
relationships if we give some idea how much constraint there is, rather 
than if we simply say there is or is not a relationship. This extr^ 

v^^format-ion will turn *out to be very useful in later stages \f analysis. 

For the purposes of those later stages, it will, te, necessary 
to have an indicator that varies roughly as a ratio of the strength of 
t^e relationship. Because there fe little ambiguity here, we call this 
indicator the "strength b^f the link." The requirement of ratio-J.evel 
scaling iii5)lies that: \^ 

(1) A link from node A to node B would Have a strength of 
zero* if part A is not related to part B in the system. 

(2) If the relationship from B to C constrains the in- 
cluded parts the same amount as the relationship from , 
A to B, the strengths of the B-C and A-B links would 
be equal. * . . 

(3) If the relat^ionship from B to C constrains the included 
parts twice as much as the relationship from A to B, 

^ the strength of the B-C^link would b^ twice that of the 

A-B link. 



Transitivity . ^ 

It is not! at all obvious that all relationships of the type 
we have been ^escribing arc transitive. ilowever\, there may be some ' 
situations in which the assumption of transitivity is made. In these 
cases, it will be possible to say something about links connecting 
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nodes which are indirectly linked. For example, If A is linked to both 
B and C, where the relation is transitive, there should aliso be a link 
from B to C. The strength oJE the B~C link will be a function of not 
only the extent to which the relationship is -transitive ' (this may 
vary) but also the symmetry of the relationship. 

The transitivity issue is related to a geometric assumption 
often made with distance mc^els of relational data^ Man^ of these^ 
methods, especially in multidimensional scaling ^ are metric*, methods. 
The strongest assumption in these methods is also the one that gives ' 
them their power. This assumption is often called the "triangle 
inequality." It states that the distances between any three points 
must obey the law that says, "In any triangle, th%length of any one 

- side caxmot be longer than the sum of the lengths of the other two 
sides." If network data are represented in such a way that dtrong 
relationships are replaced by short distances, the triangle Inequality 

^ will say that whenever one part Is related to two others, those two 
other parts must be related to each other. In essence, this is the 
asiump^on of transitivity. 

If the relationship is only partially transitive, or if the 
relationship is asymmetrical, so that^ links are directed, the situation 
becomes very confusing indeed. As was mentioned earlier, the whole ^ 
issue of transitivity is sticky, ^and needs much in the way of theore- 
tical clarifying work. (Ifhere are some points at which transitivity i 
vould be salient in the next chapters. Because the p^blem has not ye^ 
been satisfactorily solved, it is ' usually ignored. Th^is translate^i^ 
most often Into a simplification of descriptions, so th^ both direc- 
tion and strength' of links are ignored for some puirposes.) 

In this section we have covered some ^of the conceptual issues 
regarding relationships between the parts. In the next ^section we 

. present an, example of an operational ap^ication of thes^ concepts to 
a specific type of system — human communication systems. 
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, HIMAN COMMUNICATION METWORKS 

In Chapters One and Tvo ve dlacuased sonejearly conceptual 
nodiela^ and operational aethods that have been used in the study of 
huBUOr coBBiunlcatlon systeas. in order to develop better methods to 
accoavUsh this task'^ ve decided to first get a better understanding 
of what the^task was about. This seax^ for clarity the develop- 

'<«xt of a gd^al analytic approach, GASSICS, that can be used in My 
kind ^f system from which the appropriate data are available. At this 
point ve turn back to a focus on communication networks in social . 
systems. ^ 

We begii^ this, section with a quick review of the basic 
system concepts > showing how they translate into communication network 
tertis. After we have discussed the operationalization of the concepts, 
we turn our attention to actual data collection techniques. Here we 
will discuss both fpmc general considerations ^d %t>me characteristics 
specific to each of several methods. 

>^ 

General Concepts 

The human communication. system is an information system. 
This means that the relationships between the parts of th^ system — 
the people — are information relationships » rather than matter-energy^ 
relationships. Human behavior is regixlated (constrained) by communi- 
cation relationships. Social influence (constraint) is exercised 
through coonunicatlon. Thus» the network is a representation of the 
real system^ idiere nodes stand for people and links for communication 
relationships. 

n 

1. Content or node 

We said earlier that in systems where the interactions between 
the parts Involve Information exchilnges^ there could be many concurrent 
'^modes^' of • interaction between the parts. In coamunicatlon networks^ 
this translates into a multiplicity of types of communication tela- 
tlonships. Formal comntunlcation networks in large organizations » 
friendship communication in social systems^ new information cbmmunlcation 

4 
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in agricultural systems, coimnunication about political events, and so 
on* In any given system, .there * could be any nuaber of overlapping 
nets, witli.each person having a diff^re^t role in each.' The i±t^t 
thing to do is narrow 'down the field pf interest to a single functional 
type of coinmunication like, maybe, communication about "matters related . 
to getting the job done. If other areas are af- interest toi, ^ese 
would be examined separately and then In the context provided by the 
whole set of. relationships. ^ * 

v; ^ . - ■ ■ ■ 

2. Strength \ . - 

Strength was conceptualized as the amount of' constraint or 
influence ex^r^ed as a result of the relationship^ In study of 
counamication network^, .strength Has most frequently been operational- 
ized asv frequency of interaction * Thus, people who interact frequently 
are assumed to influence one another more than people who interact 
infrequently. ^ , ' > ^ 

Other operationalizations add i«portan^<^ , so that Important 
interactions lead to stronger links than unlnportaxit ones. Still 
others measure strength in term|^(^of the average ^duration of interac - 
tions , or in terms of total number of minutes spent interacting in a ^ 
particular week. The important issue here is that the strength of 
the links has to be a single number that series as a ratio of the 
strength of the relationship.. « 

^ If the strength of the relationship is asaumed to* vary as a 

function of the amount of interaction, a first ^approximation to a 
ratio measure is accomplished by asking people how much* time they spend 
talking with one another, and coding the responses in an appropriltte 
way. For example, If we provide categories. like: * 

(a) once a month or less; . ^ 

(b) once or twice a week; - y 

(c) once or twice a day"; 

(d) several times a day; 
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/Cri vU'l have to asalgn numbers to the categories In su^ a way that a 
ratio-level approximation la achieved. If we translate the categories 
Into nuaber of Interactions per month, we might get:. 



CATEGORY" 




CODING 


Once a month or less 
Once or twice a week . 
Once or twice a diy 
^ Several times a day 


■ 

m 

1 

m 


1 
8 

* ■ 27 r 

64 



This scheme provides a rough approxlmat led to a ratio J^el scale of * 
relationship strengths^ Kore sophisticated methods are described in 
later sections. " ' 
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3. Reciprocity/ syane try . , 

The meaning of the idea of" symmetry is important in comonml 
cation networks, although there may often be^^lf f lenities yin getting 
ka operil'tlonfllzatlon of the relationship that produces results in 
agreement with the conceptualization upon which it is based. Let lis 
explore the issue more carefully. ^ 

In many of th^ connuxiication network studies that have been 
done using the methods describe^ in this Part , the relationship has ^ 
been "talks with." For ixample, '^ftio do ; you talk with about mat teirs 
related to getting your job done?" or '•Who do you talk with about niew 
varieties of seed or weed ^ray?" or "Who do ypu talk wtjth in jfour 
spare time?" The last example is ^lastly based on a syintetrlcal ^fCy^ 
relationship — there Is no sense of direction or uhevenness^ in the 
relationship. If one p^t^ talks to another,, the secpqd' will also 
talk to the first in this/kind of r^atlonshlp, w|iich is based oti the 
sharing or transaction moae^ of comnunication as a two^-wiiy process. 

In the example about new innovations, there is a different 
situation entirely. The questions asked of respondents seldom take 
the udbiased form of "Who do you talk with . ./'^RAther, they will 
clearly ask respondents who their sources of information are. Rather 
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•than a two^-way process of sharing, this is a one-way'' flow of informa- 
tion from a source to a receiver* This .is obviously an asymmettrical 
reljationship. As might be expecC^d^ the percent of links that, are 
reciprocated is much lower in the ix^^ovation network thax^ it is in 
the friendship network* Typical ballpark figures her/ would be ftbout 
2 percent reciprocated in the asymoettical case and over 30 br 40 
percent in the friendship one. Why aren't the figures closer | to zero 
^ arid 100 percent? . ' Jt / 

' W6 discussed a, number of possible reasons in the first 
section* There could be measurement error* The relationship could 
be incorrectly^onceptualized, The relationship could be Incorrectly 
operationalized* There could be a combination of all three* 

The mos^ legitimate argument seems to be that the relation- 
ship is not clearly enough understood to be correctly conceptualized 
and operationalized* For example, two people are seen having what 
? appears to be a conversation. One of the two might say that it was a 
two-way conversation* The other may not,^Th^ relationship* might 'seem 
symmetrical to the first but mot the second* This kind of problem 
isfftost bothersome when the people in the system are different in 
terms of status, power, confidence, knowledge, and so on* The problem 
is tli2lf£ there are more than one klx)4 of relationship, at the same 
time* There does not seem to br ^y quick ^way around* this kind o^ 
difficulty, at least when the relationship is approached in terms o£ 
communication between people* ' 

In other situations, the problem is clearly with the opera- 
tiouiE^lization. One study, for example, dealt with ^'problems'* in the. 
day-to-day working of a group of extlJftited men. The question asked 
'Vho they went to to get it taken care of.'* The Investigators expected 
a situation completely different from the one they observed In the 
dat§X When the respondent^were questioned, it was clear that they had 
a comp^letely different interpretation of the question from the one. the 
Investigators thought was the only possible interpretation* Becaj^se 
of this mix-up, the inveptigator^ were actually measuring a relation* 
ship Qpt at all like the one they had in mind* These are some of the 
difficulties encount;ered in the area, of ^rnunetry. 
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Actual Instnimentatron Considerations ^ 

Wa have already seen a very sinple example of the kind o£ 
questions that might be used to g^ather network data. In that example 
and In the discussion that followed It, It may have seemed tKat there 
was an illicit assumption that network data are gathered from people 
by asking them questions or giving them printed questionnaires to fill 
out. Although this has been the method used most often. It Is not 
the only way. In the collection of datTr In rural villages. In less 
developed areas, face-to-face Interviews will have to be used Ixx^tead 
of less personal questionnaires. Sometimes even this method iflll not 
work and the investigator, will be forced to get Information from 
"key-Informants" — people In the^'system who know what goes on. In 
other situations, other methods will have to be' used. For example, a 
network study was done on a long-deceased seventeenth century New 
England village^ irtiere the data on friendship patterns was gatllered 
from court and church records. VRiUe* these other methods are the only 

that produce useful data In some situations, they will not Jbe 
discussed extensively here. Instead, we will devote most of the dls- 
cx^sslon to a aec^f methods that la being used In studies of communi- 
cation networks In large-scale organizational studies^ Wh^ the dlf- ^ 
f erences between these fairly structured settings and the conditions 
of the particular system under Investigation are recognized » appropriate 
measurement techniques should not be too difficult to develop. 

In the typical orgsnlzatlonal setting It is possible ' 
assemble large numbers of people who can work easily with paper-and- . 
pencil instruments. In; this kind of situation, it may only take a few' 
hours to collect ^Jthe data fx^m a system haying several hundred members, 
if everything goes well. ^ 

There are two basic kinds of issues that have to be faced when 
designing instruments^or. use in these settings. The firat concerns 
the translation of the conceptualized relationship into operational 
terms. The second concerns some practical considerations and format'ting 
of the instrument. ^ ^ 
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1 . Scaling X . 

Once the codtent area has been laid out and the general ' 
format of the questions has been decided upon, the scaling of responses 
(iias to be considered* The requlre|ynt is a fairly reliable, single 
value that varies as* a. ratio of the strength. of- the relationship. 

We discussed briefly, a v^ry simple approach to this in the 
beginning of this section* The ptohXem vltli that simple instrument Is 
that it Ignores the difference between v^ry important exchanges and 
very uniaq>ortant ones. It might be assumed that a frequent unimportant 
relationship 1^ as strong as a less frequent, but more important, one. 
In this case, respondents might be asked to indicate how Important the 
relationship is, in addition to how t>f ten it is used. The two. numbers 
would then be combined into a single .Indicator of the/strength of the 
Iri^atlonshlp. The example below shows ^how this might be done. 



Ple^e indicate by circling the appropriate numbers 
which people you talk to, how often you talk to 
them, and how important the j^teractlon usually is. 
Use the coding system shown ht|:e. 

FREQUENCY IMPORIANCE 

1 - once/month 1 - slightly important 

2 - once/week 2 - moderately important 

3 - oace/day ^--""^^ 3 - very importjmt 

-4 "Several ti»es/day 4,- crural to survival 



NAME 


^ FREQUENCT 


- IMPORTANCE 


John Jones 
Eaily\Stuart 
Tony Mann 
Belinda Hunm 
Mark Smith 


12 3 4 
•12 3 4 
1.2 3 4 
. r 2 3 4 . 
12 3 4 

a '1 


12 3 4 
12 3 4 
-12 3 4 
12 3 4 
12 3 4 



It is necessary to combine the frequency and importance 
scales to get a single nuntber. To do. this, we would form a matrix 
where the rows are for the values of frequency and the colums^ 
for importance, as shown below. We would then decide which entries 
have tt^e highest and lowest values. Obviously, these would be the 
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IMPORTANCE 



a 




S>eVeral/d4y 


? 


? 


? 




Oiite/day 


•? 


? 


? 


? 


Oace/week • 


.? 


? 


? 


?• 


Once /month 


? ' 


•?• 


^^ 


? 



top tight entry and the bottom left 
, one In the- example* * 

*f The next atep ia ^o aaalgn 
the Intermediate values.* This Is 
^more difficult. For example, how 
does the top left entry cc»q)are - 
with the bottom right one? -What^ 
about other entries? If the Values 
sbown here ar^ acceptable » the^two 



4 


A- 


r W-i 

8 


12 


16 


3 




6 


9. 


12 


2 


2 


4 ' 


e> 


8' 


1 


'" r 




3 ' 


4 




1 


2 


3 


4 



scales can simply be multiplied together j:o give the final results. 

s4 N ' ; * \ 

In this exanq)le we\ formed the strength indicator by 'taking the product 

of the original scales. In other cases, we would use, a linear combBution 

'^4^ / ^ ^ instead, For.exanrple, say we had separate 

scales for face-to-face and telephone inter- 

actions » as shown below* We might jdecide that 

facc-td^facr intcrM^ons iffe twice, as iapor-. 

"^tant as telephone -ffiOtactldns because of*' the 

The Mat;:ix with Values \ additional' non-verbal information that 1b 

Filled in . ' ^ , 

transmitted in the face-to-face interactions. 

Then w^woulcf use this formula for calculating * 

the final strength indicator: Strength - 2*Face-tb-Face + Telephone. 

Please inSic^te how much t4me yoj^g^pnd talking 
to each person in snr.'avera^e w€^ (in minute^ ^ 



' NAMR^ 


-FACE-TO-FACE ' 


■ . tIlephohe 


Robert 






James 




y- — — 


Annie 




^ 


Frank 


— V 




Susan 







The l^ortant point here is that a sfSS^e ratio-leve^l indtr 
cator (or, an ap^rozlmalion of /one) must be available as an index of 
the st^rength of the relationAiip.' 



^lot of trouble can be saved by 
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constructing Instruments so that they can be easily coded to give 
ratio- level data* If this is not done» the data must be transformed 
to give ratio data at the time of analysis, If that Is possible* 

2. Other Instrumentation Considerations 

In the discussions above ve have seen several exaoiples of ' 
Instruments that^mlght be nueS to collect network^ data. They are 
all variations of the same basic design. , Some types seem tp work 
better than oth^s In different situations. For example, there are 
tvo ways of getting the respondent, to provide the names of the people 
he or she Is linked to. The first Works veil when there ^re less 
than about tvo or three hundred people in the organization. Witb-thls 
method, a list of all the people Is provided and the respondent simply 
fills' in the appropriate spots'pn the instrument. An example of this 
type Is shown in "A" below. 



How often do you interact 
with the people named here? 
..^Kease indicate the appro- 
ximate number of interac- 
tions per week for both 
job-related conversations 
and other conversations. 



In the coluan on the left, 
please write the names of 
people you talk to. In the 
other coluams please indicate 
how many times you talk to 
these people in a typical 
week. Do this for bot^Job- 
relate^ conversatlouM^R 
Qther conversations.^ 





JOB-RELAIED 


OTHER 




KAME 


JOB-RELATED 


OTHER 


Sam 












Kary 














Bill 
















A 











In the first £ype, the respondent only has to recognize the 
name of the person he or she Is linked to. In the second type,* as 
shown in B, the respondent Is asked to recall, the names., The second 
type ^s appropriate for very large organizations, irtiere It would be 
impractical to provide a list 6t ail the names because of the length 
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of such a list, or for systems where all the names of relevaat 
people are not kncnm* - 

Ther^ is likely to be a difference in tihe nixmber of con*- 
tacts reported on the two types of instruments. /Specifically, since 
it is easier to recognize a name on a list than to recall a name from 
memory because the list of names serves as a prompter, there are 
generally more, contacts* reported with the first method than with the 
second (Farace, personal communicHt'ion, Novanber 1975). 

A second way in which instruments may vary is in the method 
of coding the strength 'of interactions. A variety of approaches have 
been used here: (a) interaction frequency may be coded intp cate~ 

< 

|ories as shown in "A" below; (b) interaction frequencies may be 
coded directly, as shown in "B"; (c) interaction duration may be 
coded into categories, as shown in "C"; or (d) interaction duration 
may be coded' directly, as shown in "D". 



FREQUENCY 


DUBATIO)} 


1. Once /month 

2. Once /week 

3. Once/day 

4. Several/day 


How many 
times in 
the last 
week? 


1. Less th^n 5 mlnsV^ 

2. Less than 10 mlns. 

3. Less than 20 mlns. 

4. Less than 30 mlns. 

5. More than 30 mins. 


How much 
time in 
the last 
week? 


A 


B 


C 





From^^a theoretical perspective, it would seem that the 
method shown'in "D" above wo\ild provide the mo8t| valid information.' 
However, it is harder to estimate durations of interactions than 
frequencies of interactions, as in "A" and "B", and it is harder to 
estimate precise numbers than simple cat jjj^^es , as in "A" and *'C". 
Thus, the method shown in "A" is probably the easiest for subjects to 
use, while the one in "D" provides the best information. Again, there 
have been no empirical^ studies- comparing the alternative methods. 

^ When several coi:4:rat areas are to be used at once, it is not 
necessary to have a separate Instrument for each one. Instead, they 
can be combined into a single form, ^^with multiple columns for the 
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different coatent, areas* An example of this Is shown below, where 

three separate content areas are being measured at once. In analysis, 

th^se w^ll be treated as three separate networks which might later.be 
compjared and examined for sloillarities or differences. 

Please Indicate how often you talk to the following 
people aj^out each of the three topic areas* Use 
this system for coding your responses: 

1 " once/month 

2 " once/week ^ 

3 =« once/day 

4 " several times /day 



NAME- 


PRODUCTION: 
GETTING MY 

JOB DONE, 
DAY-TO-DAY 

MATTERS 


INNOVATION: 
NEW IDEAS OR 
WAYS OF DOING 

• THINGS 


SOCIAL RELATIONS: 
INFORMAL FRIENDSHIP 
CONVERSATIONS, ETC. 


aarry 








Timothy 








Maude 








Jenny 








Donald 






\ " 


Michael " 









An Alternate^ Qperationalization of Strength 

Throughout the discussion of relationships we have been 
using "amount of communication" or "frequency of commimication" as an 
operationalization of the "strength^' of the relationship between a 
pair of people* The frequency with which this operational definition 
of* relationship strength Is used by investigators in the field is 
very high* The only significant deviation from this course that Is 
used fairly often Involves importance Information as well* There have 
been« no studies published using any other operational definition* The 
reason for this is probably simple inertia. People are used to these 
measures* These measures appear to Be straightforward* T^ey are 
easily "interpreted" to clients who use network analysis as diagnostic 
tools to monitor communication networks in their organiz at ions'* 
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However, these may not be the best possible measures to use 
for our present purposes , which are to gain a better understanding t>f 
how complex systems work* A possible alternative operationalization 
bypasses a step In the' chain of assumption^^de with the '^standard" 
approach^ In the standard approach, it is assuned that the more a 
pair of Individuals Interact, the stronger is^ the relationship* In 
the alternative approach, people would be asked directly how a^rong 
the relationship is. The Instnn&ent might look like this: 



Please Indicate which of the following people 
Influence you as you complete your day-to-day 
job activities* Use the following scale to 
show how much Influence each person has on you* 

/O " no Influence at all 
ylT^ slight influence - 
2 ■ moderate Influence 
3^" strong influence 
4 ■ total control 



An alternative^ scale would be: ' 

Use a scale of one to ten, where one is very 
slight Influence and t€t^ is total control* 

/ 

This method ^bypasses the Intermediate step of translating 
comMunication frequency into relationship strength* For this reason 
it seems to give a more direct measurement of strength* However, 
there are problems* First, it would seem* to more difficult for 
respondents to think in terms of the relatively abstract "Influence" 
than the more concrete "How many times do you talk?" This has not 
been tested as yet, so the validity of ihis objection is ln» doubt* 
The second problem is that neither of the coding systems suggested 
above is known to be. a ratio-level indicator* Of the two, the second 
would seem to be a better bet for a valid ratio-level indicator, but 
this has not been tested* However, the "standard" indicators have 
not been' validated empirically either, so we are^ on no, less firm 
grotind with the new approach* 
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We are therefore faced with a trade-off: the standard 
approach is familiar and easily used In a consulting framework, while 
the new approach is more direct and more useful in a theoretical 
framework* -Perhaps it would become more useful in a consulting frame- 
work if the clients could be educated about its benefit^ and Inter- 
pretations. This will not happen, ^however, until it is empirically ^ 
tested and found to be both useful and valid. 

Diaries: An Alternative to Recall Methods jf^ 

The "standard" instruments discussed ab||ve all ask respond- ^' 
ents to either recall how often they talked in some past period or in 
a typical period. An alternative to recall techniques is the "diary" 
technique (Conrath, 197 3) • With this method,^ respondents carry a cardi 
on which they record each lnteract4;On after it takes place. Proponents 
of this method claim that it produces more accurate data than recall' \ 
techniques, although this claim has neve^;^ been tested esq>irically. 1 
d one preliminary comparison, however, in which tfie two methods were 
compare^ for the number of links, the di-fference between the two \ 
methods was less than five percent (Goldhaber, personal communicationj, 
October 1975). One important difference is this: if respondents 
indicate the time at which each interaction takes plade, actual in- 
formation flows can be monitored as they spread through the system. 

Both of these points are valid and important. The reason 
diary techniques are not used more often is their obtrusiveness. ^ 
Imagine having to carry a card around and having to write down everyj 
significant Interaction. In a recent study conducted in a Canadian | 
hospital, doctors and other staff refused to cooperate with the | 
Investigators, claiming that it wasn't possible to be bothered with j 
the logging procedure after each Interaction (Goldhaber, personal 
communication, 1975)^ 

The trade-off is thus that, although the diary should in 
prlnciiple produce better results) it is much more obtrusive. We 
thus have another situation where something like the Ueisenberg 
'Uncertainty Prlnciple^^ physics] seems to work in a social scientific 



setting: the more accurate the measurement device, the more obtru- 
sive the measurement process* 'At the present point It Is not* clear 
vh^re the^best combination of accuracy vs* o^truslvenes^ will be* * 
Until some empli^lcal information C0]q>arlng the two methods Is col^ 
lected^ It will not be possible to say one method Is superior to the 
other* , ^ 

The analytic met hod^^esented in the next chapter is compa*- 
tibO^^th ^Ach of the types of data, since diary data can be easily 
converted into the format of "standard**^ network data* 

Higher Levels in Communication Networks 

The /data collection methods we have been describing all 
work at the same level of analysis — the individual person. This 
is the appropriate level for the first time through the O^SSICS loop. 
WEen thk first GASSICS cycle Is completed, it may be necessary to 
move up to the next' level. In this case, nodes will be groups of 
people, rather than individual petsons.'^ 'The collection of relational 
data from groups is problematic. 

The task of this phase of the GASSICS cycle is to determine 
the relationships among the groups, i.e., "Which groups are related 
to one another?" and "What are the characteristics of these relation- 
ships?" bne approac]^ that has been used to answer the first question 
is to look for links between nodes that are members of different 

groups. There are problems with this method* 

* 

(1) How are links between individuals who happy to be 
m^bers of different groups distinguished from links 
between groups? If the airguments suggested by Simon 
(1973) Bjj^e accepted, relationships between groups 
will not^'be the same as relationships "between 
individuals. 

(2) How is the strength of the relationship estimated? 

. There are^ usually multiple links betweel the members 
of one group and the members of other 'groups. Is 
the strength of the ^ink between two groups the sum 

- of the strengths of ^he links between members of one 
and mesd>er8 o^ the other? Do multiple links imply a 
8trong€h: relationship than a single link? 
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(3) .How ^are indirect links treated? Do links through 
liaisons or others count? How are they combined V 
•with direct links? 



v^It seeniS more appropriate to retreat to the conceptual defi- 
nition of "link" and construct a new operational p^cedure for detect** 
ing links between groups* than to bend the procedures used at the lower 
level of analysis. Thus, links are indicators of relationships. A 
link between groups would ind^icate that the groups are related, to 
one another — that they are constrained or Influenced by the relation 
ship* ^erefore, it is not enough to say that one neiaber of Group A 
is related to one member of Group B^^^\This implfes only that one 
member is related to the other* -It says nothing about the groups. 

If those ^two members happen to be very influential in their 
respective groups, the link between them might be link between 
their groups after alll But this* question cannot be answered wi'^h 
the standard type of network data that are usually gathered. 

If the data are collected in a way that allows influence 
patterns, or perhaps information flows to be traced, it may ba pos- 
sible to distinguia)> between the^ links we are interested in and the 
ones we wish to ignore. 

An alternative approach would be tp gp back to the system 
and ask the members of groups who (or which groups) they think in- 
fluences, their group* ^' ' / • • 

It may very well be that group Interactions take the form 
of exchanges of materials instead of e«hanges of information; This 
would require a dif fexent ^ype of measurement altogether. , 

Like the issue of transitivity, the issue of what consti- 
tutes a link between two groups is a question \Ai±ch nee\^ to be 
answered before progress in that direction can be made. The solution 

to the problem will be deferred to another time. 

\ 



CHAPTER SEVEN ^ 

STEP TWO OF THE GASSICS PROCEDURE: 
THE MEASUREMENT OF STRUCTURING 



Chapter Six dealt with a method for collecting data fron ^ 
meabers of coitplex systema. The specific example developed there 
was coiammlcation aystems. This chapter develops the] statistics 
needed for "the test of deviation from randomness which constitutes 
the sec6n4 step In the GASSICS cycle. 

K Rather than starting right off with a set of a £rlor^^ 

notions about structure, "ve are adopting a more "empirical" app^lLi. 
Later in the chapter we will b\illd upon the very slaq)le model of 
structure as deviation from randomness in order to see what the A>del 
implies with regard to structure at the whole-system level. To do 
this we will need to use the l9gic of alternative descriptions to 
move from the microscopic level of analysis at which tW model is 
stated to a more macroscopic level, where we can see more clearly 
the Impllc^atlons of the models on the whole system. When we have done 
this we .will have a set of ^structural characteristics we can use to 
direct our Investigations into conq>lex systems where we have Informa- 
tlon about the Interactions of the parts. In addit^ion to seeing how 
We should look, we will see what to look for . 

In the next section we will devel^op the statistical tools 
we need to move from the microscopic level of the raw data to the 
*mAcroscogI^ level of system structure. There will be. several steps 
.along the way. First we will examine the idea of interdependence, 
applying it to conmunication ^relationships as an example. ^ We will 
show how this move logically leads to 'the selection of a particular 
approach to the quantification of strut tiire. The second step will be 
to work through the model for random systas. This will provide the 
baseline from which Wie measure d^viatiohSy^ which allows us to measure 
structure in the same terms we. us^ to dettne it. We will base the 
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random model on the assumptflon of zero constraint. In thls^andom 
system there is tio pattern to the set of interrelationships among the 
parts* Any pair of parts (nodes) is as likely to be connected as any 
^other pair. We will take this initial statement thrdugh a transforma- 
tion of alternative descriptions to a system-level stjatement a/ 
"random" structure. The third ste^vill be to work through thej^odel 
agad^ this time using observed values Instead of values predicted 
by the assumption of randomness. The r'esult will be*^ sjH^em- level 
description of "observed" structure. Finally, the, "observed" will be 
^compared to the "expected" — giving a measure of the deviation from 
randomness — which is how we defined structure. 

* 

-» • • 
Preliminary Discussion 

Before we begin the operational discussion ^t is appro- 
priate to clarify a few points. Firsts we are dealing specifically 
with relationships between elements in the system^ At this level of 
analysis, we are not Interested in the microscopic issues, such as 
"Is there a relationship or not?" Second^ in this preliminary model 
we found it necessary to make some simplification^. For example, in 
the statistics that follow, we have reduced relationshlps^to binary 
all-6r-none occurences.^ This was done at the expense of a partialT^ 
loss of Information, in order to keep the complexity of the statistics 
to a level that was manageable. In principle, however, J:he saine ideas 
could be used for continuous data* There are problems, both with the 
use ol binary versus continuous data^ and with transitivity assuoq)- 
tions that have not becm worked out at this time. 

Third, we haVe adopted a tenkilnology that preserves the 
distinctions made in the preceding chapter between relationships in 
the system and links as Indicators of tho^e relat^ships, between 
the system itself and the network of links, and between an element 
In the system and a^ node in the network. ^ 

Although the discussion throughout the chapter is couched 
in terms of l^ink8 between nodes which are mcMoobers of networks, the ' 
fact that the same term^ have been used to describe communication 
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networks should in no way be interpreted to mean that the equ^lons 
developed here are specific to social network's. The equatiotts^^them- 
selves are general, and can>^ln priaciple, be used at any level p£ 
analysis In any systea for which the proper relational data are 
available. 

Ou^ final goal Is a set of measures with whi6h we may 
operationally. determine how much structuring there is at the whole- 
sy^tea level. After we have derived the appropriate equations, we 
will show by use of some exaffi^>ljes how this measure is related , to the 
amount of organization In a'Yew simple systems. In a discussion at 
the end of the section we will suggest some Implications this approach^ 
has for the question we asked earlier: ''What should we look for?^' 

OPERATIORALIZATION - ' ^ 

Let us begin with a system composed of N elements with L 

links distributed among^he elements In some way. Each link Indicates 

that a certain pair of elements Is connected by some kind Of functional^ 

reiationsliip^ the exact nature o^f which Is not Immediately important 

.here. Let us assume 'that the number of links, L, is less thin the 

total number possible, which is L ^ ^^^^^^ . This Implies that 

'max 2 ' _ * 

nodes, on the average; will have less than the maximum possible 
number of links to other nodes that 4:hey could have,^ i.e., the 
systci^^s density (or connect ivcness ) , expressed as the ratio of the 
observed nifmber of links dlyided by the maximum pojssible, is less 
than 1.0. 

. . ■ \' ■■ / . - . 

System Density (connejrtiveness) » n^i^ ^ (Eq. #1) 

If. the links are randomly assigned to nodes, without dupli- 

cation or reflexive links, the average number ^ links per node will 
2L 

be — . Since there are always exactly N-1 p<^ible alternatives for 
each node to have links with, there is some freedom In terms of where 
the links vH.ll actually be. For example, if there are ll nodes^ 
and 22 links, there will be, on the average, four links for each'^node. 
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(It takes two nodes for each link.) For each node \here are 10 other 
nodes that could be connected to with links. 

^ov, if our network is truly random, we will have no c^e as 
to where those links will be. They will^ distribute normally across 
the entire network^ Barnett Tl973r allowed that in such a netvbrk 
there is no differentiation of tlie system into parts. The relation- 
ships between individual elements will be independent of one another. 
That is, even if we know. where some of the links are — if, for^ 
exahple, we know that B is linked to A and C — we can^ay nothing 
about \^ere the other links are; in other words, we cannot tell if A 
is linked to C. This example is shown in Figure 1. ' 

On thci other hand, if the network is structured, the rela- 
tionships between pairs of nodes will not be independent of one 
another. In other words, in a structured network, the links will be 

. at least partially interdependent. We would. like to be able to 

# • * ^ ' 

measure the amount of interdependence . But how can we do this , wfada 
the only information we* have is who Is lljiked to who? 

The logic of alternative de^criptiens in coiiplex systemi^ 
tells us that if we focus our attention on individual nodes or links 
we will not be able to see'^the kind of interdependence We are ^terested 
in here. We need some way of looking at larger sets than individuals, 
since interdependence requires more than one unit. In fact, since we 
are interested in the interdepe|£llence^ of links, we need to look at 
sets that are large enough to include atf least two links. ^J)i(& smallest 
set of nodes that will Include two. links has three members. But how 
' does this help us? How can we tell if any pair 'of links mtt Inter- 
dependent? With the data we have, we cannot. If all we know iscthat 
A is linked to B, we can say nothing about possible links from A or 
B to some othet node, say C. C could be any other node in the system. 
There is no reason why we would or would not expect a link th C. 

However, if we expand our set to include three . links, we do 
much better. If both A and B are linked to C, we^an look ap/tixe 
possibility of a link from A to B. ^ If A, B, and C all have to* coordi- 
nate their activities for some reason, we would expect a link from A 
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Figure 1 

CaJSTRAIWr AND THE ORGANIZATION OF LINKS 
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If we expect X to have some number o£ 
links, say 2, but know there is no 
constraint, the links could be anyv^ere. 
Furthermore, we have no clues about 
links between other nodes to which X 
might be linked for exairple, B and 



Even if we know that X'is linked to B 
^and C, we can only guess about vrtiether 
or not B is linked to C, since the links 
are all independent of one another. 



I:§^the links are not independent, that 
is, if they fit together in some sort 
of pattern, we are in a better position 
to. predict what will h^j)en. In this . 
example, we might find that if X is linked 
to both B and C, the probability of B 
having a link with C is twice as high as 
it, would be if X did not have tihose links • 
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to B* If, however, A ax^i B are independent of one another, we would 
not expect them to be linked aay nore than the probabilities would 
predict for any pair of randooily selected nodes* Here we have.avay 
of telling how much interdependence there is — by counting the^ 
number of occurences of sets of three nodes with three links* We 
can calculate the number of these "triangles" we would expect by 
chance. alone (that is, in a random network), and compare this ^ 
"expected" ninaber to the number we actually observe* we observe 
more or less than expected, we can infer th^ existence of some struc- 
turing "force" which operates at the level of the whole system* Why 
else would people organize themselves in such a way as to maximize 
or minimize the number of triangles? 

"Triangles" and Constraint 

Let us explore the concept of "triangles" a bit more before 
we take up the statistics of the situation*^ It is probably not yet 
clear why the number of triangles is related to structuring* Let us 
see what the nodes in a network have to do in order to "make" triangles* 
In order for there to be a triangle, a node must Interact with other' 
nodes which themselves interact with each otliir * If the original ^ ^ 
node interacts with only a few of these tightly Interconnected nodes, 
^.and 'Vastes" the rest of its links inter^ting with nodes that are not 
linked to the tightly connected group, the number of triaagJi^es there 
can be is reduced* This is shown in Figure 2, where A has the maximum 
.number of triangles that is possible, given that it has four links. 
Node B, however, has divided its links among two sets of nodes which 
themselves are noC^connected* As a result of this, it haV^nly two 
triangles — one-thiTd of the maximum for a node with fbur links* 
Node C is an even more extreme case — here the links are spread in 
such a way that there are no triangles whatsoever* ^ 

The point to be understood from all this is that in order to 
maximize the number of triangles, links must be between nodes which 
already have a large number of mutual contacts* There will be gr'oups, 
each of %ihich is composed of a set of nodes, which, to a large extent. 
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confine their Interactions to other oeabers of the same group • There 
'will be very few links between these groups, because^' this would lower 
the nuaber of triangles that could be fomed. The groups will be 
arranged In a very peculiar way ~ In general, the nuaber of aeabers 
In each group will be equal to roughly the ntiaber of links had by 
each member of the group. In addition, all the nodes In each group 
will tend to have the saae nuaber or very close to the same miaberof 
links. In other words, each member In a group having eight ipeabers 
will be likely to have seven links. Nodes with three links will be 
grouped In sets of four, and so on. An example of such a network Is 
shown in Figure 3, i 

The highly structured network shown in Figure 3 can be coi^- 
trasted with one in which the nuaber of trlanglfes is minimized. In 
this kind of situation, nodes do not have links with other nodes which 
are linked to each other. There will be no differentiation into 
groups because this Is what raises the nuaber of triangles. An - 
example of this situation is shown in Figure^^A. 

The following exercise will help to make the preceding 
discussion clear. 

, '^Construct a network of about 10 or 12 nodes. Put 
in enough links to give a connectlveness of about 
0.25. Use a random nidnber table to assign the 
links ^to pairs of nodes', 'by drawing pairs of ran- 
dom n\nd>er8 and connecting the nodes Indicated by ^ 
the numbers. - Don^t duplibate any links and don^t 
' link any nodes to themselves. Count a llxHc from 
A ^o B the same as one from B to A. Examine the 
overall network obtained. Ijt is not likely to . 
show any patterning or differentiation into groups. 
Ilow, repeat the process, except add the rule that 
allows only even-numbered npdes to have links to 
• other even-numbered no^es,, and only odd-numbered 
nodes to have links^ to other odd-numbered Ixodes. 
Now, count the number of tr ingles in each network. 
There ahotild be more in the second than in the 
first. If the process is repeated again, dividing 
the entire set into three or four subgr^oups, the 
results are even more striking. 



Pigure 3 

THE MAXIMIZIn6 NUMBER OF TRIANGLES 
' WITH GROUP STRUCTURE 
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Figure 4 

'HINIMIZING THE NUMBER OF TRIANGLES 
WITH GROUP STRUCTURE 
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The nore^conatraints that are Imposed on tke set of Inter- 
actions among the members of the system, the more triangles there 
are, imtll reac^ a maximum %rt\ere fuft)ier increases in constraint are 
no longer possible. ^ , 

Thus, the number of triangles is directly related to the 
amount of constraint and^ ^erefore, the amount of structuring in the ' 
network. All of these three are proportional to the amount of dif- 
ferentlattion of the system. 

Obviously, the number of triangle^ is a very powerful descrip 
tor of the network. But this Is only true if all networks are the same 
size and have the same number of -links. It remains to put this' measure 
into the form of a. standardized metric, by expressing it as a fraction 
of the maxlaSm number of triangles possible, given the size and density 
of the nAwork. In diddition, we will need to be able to calculate 
the number of triangles we would expect in a random network, for use 
as the baseline from which we will measure deviations. 

The Expected Number of Triangles; The Random Model 

The derivation for the expected nunber of triangles in a 

random network is as follows « 

Given any link, say from A to B, there are N-2 possible 

triangles involving this original link because there are N-2 o^er 

nodes %rtiicfa are all candidates for the third vertex of the triangle. ^ 

For. any particular chosen pair of nodes, the probability of there 

2L 

being a link connecting the pair is ^^^^^ , ^iqh equals the system 
density. There are L "original", links, and if we eliminate duplica- 
tions invdlvihg pepButations of order ve get a total expected number 
of triangles of: f 

<5^)'<J> «') 

or, in parametric form, using system density, C, as a scale factor: 

T « (N-2) 4) C2 \ (Eq. #2b) 



This number will be seen to be equal to the 'maximum number of triangle 

possible whenever L Is at Its maximum of L • This maximum numbei of 

( max r i 

triangles Is given by: - " | | 

max 6 . rt-r/ 

In addition, the ratio between T and T Is related to system ddn- 

^ , e max^ ^ 

8lty,,C, as: 

' \ (N-2)(|) C2 2c2l 3 I 

DaX ^ 

0 , * * 



Variance in the Distributi on .of Links 

' ■ ^ 

These calculations were baaed on only two parameters — L, 

the number of li^ks, and'N, the nximber of nodes. If the network Is 

totally random, the links. will distribute normally across the entire 

network. This means that we^ could -examine the distribution of links 

across nodes and would expect that this distribution would also be^b\ 

normal. Let be the number of links with node 1. In general, the^ 

i^'s must satisfy the equation Zt^ « 2L, where L Is the total n\imber 

of (bidirectional) links. Also, no i^may be greater than N-1 or less 

than zero. Since there are N nodes, the mean of the 's, T, must be 

2L ' . * 1 

IP . It, too, )xaB a maximum value of v 

In the totally random network, the probability of any parti- 

2L ' • 

cuj^r link is ^^^^j^^ . This can be derived either by dividing the 

number of links observed by the total number possible, or by dividing 

I by the maximum number for each node. 

Since each node has N-1 chances to have links, with 

2L " — 

P " ij/^ ■ C, the binomial expansion gives the mean^ of 

2L(N-1) 2L 

np ■ NCN-I) " * whl<^ agrees with the value derived aboye. 
The expected variance would be npq « S^ « np(l-p), again by the bl- 
nodilal expansion. This is: 

S^'- VhIW wN(N-l)-2L> _ 2L(N(N-1)-2L) " . 
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Figure 5a shows a plot of the expected variance against L, for dif- 
ferent values of'^N. Figure 5b shows a general plot of against 
L and N. 

The F test can be used to compare an observed to the 
expected value of S^. i;he observed value, S^* Is calcu^e<^s: 

The /degrees of freedom are N-1 end N-1. Figure 6 shows a general plot 
S^* against C and N with sipiificance regions for p<.,05 and p£,0l2 
A Significant deviation from S* means that the distribution 
of £^'s differs from what is expectecl by chance. This would mean 
that either scrne nodes have a disproportionately large number of the ^ 
links, compared to the r^st of thc^ nodes, or that the nodes have un- 
expectedly uniform numbers of links, compared to what is expected by 
chance. In general, sj*s higher than will lead to InfUted measures 

of structure, while values lower than will tend to be biased in the 

e 

opposite direction. . This is^ illustrated in Figure 7. In these cases, 
we would use measures for which have been corrected for the parti- 
cular distribution of ^^^s. These measures are discussed in the 
following parkgraphs. } ' • ' 

<• 

Correcting for the Effects of ii , ^ 

What if the distribution of ^-^'s is not nomml? For exanple, 
most of the links could be concentrated in a small part of the network. 
We would expect a different value of if this/were the cAse. 1^ is 
possible to "partial out" the effect of differ/nt l^'s by taking the 
following approach. For ev^ry triangle it is a part of, a node must 
have a pair of links. For a node with 1 links, there are guch 
pairs. • Summing across all nodes, we get the total number of these 
pairs: Total pairs - | J:(A^'(l^ - l)y^-^ch 'of these 'pairs defines a 
triangle wt^en the third link is added. The probability. of this third * 
link is equal^to the probabiUty of a link betwe^ any given pair of 
node.^ or ^(^^y . Dividing by three to eliminate dupUcation caused 
by e^rder permutations, we get: 

• \ ■ • ■ ' 
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FIGURE 5a 
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Plot of expected variance against nmriber of liiJcs, for N's 
(number of nodes) of 16, 20, 25, and 28. 



FIGURE 5b 
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Generalized plot of expected variance against C. Note the maximum 
>T# value for Si o£^ 1/4 (N-1) at the poinVvwhere system density = ^ 0.50 

^ - (L=l/2 lil^lli.) ^ or half the maxi-mum nuntier of lii^cs, 
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Generalized plot of in units of -^ordinate) against system density, 
C, in linits of /the observed number of links, L, expressed as proportion of 
the maximum of ^^"'''^ (abcisj|||^ (Significance values for N«20, df^Cl9,19)). 
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' Figure 7 

REUTION BEIWEEN ,Sg AND 
THE ^ECTED NUf'lBER iDF TRIANGLES 

. .. Table la ' 
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In [a] is shown a n^rk.' cx>n^ru<:ted 'Rawing p^rs of numbers from a 
random nunfcer table. The il. 's distribute j^roximately nonnally, with s2 
close to S2. • In this ca^, the expected nurbe^: of .triangles , T^, was close 
to the observed nunber of 4. ' . ' 

The network shown in [bl was constructed f^oni^ejjne used .in [a] by rearrange 
•ing the links so that would be ineressedV JPS*5, S^ 'does not equal s|. In 
this case, the ejmected nuirber of 'triangle^ ,Ti\ mderestimates the. true value 
of. To « 14. ^ aiT ? . 

The network showi in [c], was constructed fifem^tiie one used in [a] iri such 'a 
way as. to reduce Sg. In this cise, lo\ 1, was overestimated by Tg. 



The relevant values are tabled above for easiy dtoarison. 
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T ..ifVVL" '' (E,. #7) ■ . . ' 

31I(H-1) 

for the expected nuober of triangles, after removing the effects of ^ g 

^. . This value will approximate T when t. distributes normally with 
2 1(44 - 1)^ 'J^ ^ . ^• 

« the oBwrved variance, close to the expected value ,i 

■ ■ ■ , .V 

^ Maximum Limits to T and 

/ If L, the nuiaber of links, is some number less than the 
maximum number possible, Lj^» the number of triang4.es can be maxi-. V 
^ mixed if t^e links ary constrained to a subset of the^ total popula-/ ' 

tion of N nodes, Thi& subset will maximize tlS^umber of triangles ^ 
wfifen its size, ja, satisfies this equation: L » • This value 

^ is approximated by^n « v^, for large L, The equation for the wmrfift^^m 

number of triangles for a network with L links then becomes: ^ 

/ 

If the system density, C, is compared to the ratio between ' 
^max» total m a x im u m possible number of triangles for a network of 
size N with links M<N-l)<N-2) ^ following rela- 

^ tionship is observed: ^ 

^1.58. ^ /J5_\ fJ^°..('^\v-n(n-lMn-2) .1.58 
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\ max/ 




^ max / 





W'Vi] ' N(N-l)(»-2) " ^ 

This situation is illustrated in Figure 8, where all the links are con- 
strained to a subset of the total population of nodes. Obviously., 

thin is a trivial maximum. Notice that under these conditions. 

f o 
for this particular Nand L will be given by the equation: 

.-. S2 j mi'l)^ _ !i'((n-l)-r)2 (N-n)P 
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. . Figure 8 

MAXIMIZING THE NUMBER OF TRIANGLES 
' BY REDUCING IHE EFFECTIVE N 




There, are twenty nodes, but the links are confined to a subset of only twelve. 
The ratio ofjobserved links to the maximum possible is .346. When raised to 
Jhe 1.58 power, this Value is very close to the value of thg ratio of maxinpn 
number of triangles for any network having 66 links to the maximum nunib.er of 
triangles for' any network having twenty nodes . ' - . 
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where N is the number of nodes » n is approximately and I is the 

mean of the ^^'s* ^ ♦ 

The maximum number of triangles for a given distribution of 
i-^'s can also be^c^culated , giving an upper limit of ^ in which 
the effects of the it^^'s have been "parClalled out" as they were for 
T Let the \iumber of links with node i be For a node to be"* 

part of a triangle it must have two links, forming twi^of tht three 
edges* For each pair of links %d.th a given node, there is a %lngle 
possible triangle. The ^maximum n^i^er of triangles for any single 
node with links will then be equal to the number of pairs of links 
with that node, or ^ ^ ^A^ . 

If we sum across all nodes and divide by three to eliminate 
duplication, we get: ^ 

i 

which is the maximum possible number of triangles, given the set of 

N nodes and tlieir i^.'s. This number will ^qual T , T , and T . when 

1 ^ ""m ♦ e e«x 

every node has the maximum number of links possible, which is N-1* 

Wh^ the total number of links is less than L » T . will be less 

^ * max m*x 

'lhaa T- , but it will never be less than T or T 

m e e*x 

Relative Structure Measures . . 

We have defined upper limits for the number of triangles^ 
given the ntunber of links per node, and the number of nodes*. These ^ 
limits are reached only under conditions of maximum const^int*^ We 
have also shown how to compute^ the expected number of trlazxgles, 
given conditions of 'zero constraint and how to remove the effects of a 
particular set of i^.'s from the expected ninnber of triangles . V We have 
thus defined a range. over which the number of trilbgles can vary as 
constraint varies. This range is ^hown graphically In Figure 9*. 

Now, if we count the number of triangles In any given network 
subtract the number exi*cted by chance, anc^ divide the result by the 
difference between the maximum jpossible and the nximber c^pe^ted, we 
will obtain a value that ranges from 0.0 to 1^.0; where zero indicates 
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network with- 100 nodes, the maximuml iajni>et of liri)fi<A?6uld,be l/2(li(N-l)') = 
^ ^^^2^^ ^ If the observed number of linlb-is 2970-, the, proportion of 

links would be =0.6. With this density, 'the range of triangles would 

lie. on .the arrow marked "a*\ The expected proportion cf triangles i^ 'given b^- 
(.6)^ = .216, which is pointjlib'' on the otdinate. The maximum pumber of triangles 
as a proportion^ of the total possible for this i^as given^ by (/!5) j»^^, = .45, - 
which is "c" on the ordinate. The maximum nuiriber of triangles ^or N = '100 is 
given (100) (99) (98) = 161700. Thus, T = (.Z16) G161200) .= 34700.^ 
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no structure other than thatj expected by chance and one Indicates 
the amount expected under conditions of maximum possible constraint* 
This measure is insensitive to number of links, 'L, or number of' nodes, 
N, and thus can be used to compare networks of various sizes and j 
densities* The final equations are given here: 

' , » * m e ' r 

4 

where ^.^^^^ observed number of triangles, is the expected 
number, 3(^(^-1)) " * ^m ^® maximum, ^fTL{/^ {/iZ — 2^ 

Controlling for the effects of Ij^, we get: ^ 

» • 

, T - T , 

^ m*& e.l 

where is the observed number of triangles; ^ is the expected, 

controlling for \ tod T , is the maxim;», controlling 

1 4"v"— J*^ m«* . 

for 1^, flAid'i - 1). 
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SYSTEa-LEVEL IMPLICATIONS OF STRUCTURING ' 

How is a structured network different from a random or non~ 

—J 

structured one? A structured network will be more organized — its 
members may be arranged into giroups or some other type of orderly 
pattern* The more structured the network is, the more highly differ- 
caitiated it %rill be. The networks shown in Figure 10 will help to /< 
make this clear. In Figure 10a, we have a random network — the system^ 
as a whole does not break down into parts; there are no intermediate-' 
level groups composed of^ individu^s. Because of the low number of 
'|riangles, there is relatively little opportunity for J:h^ individual . 
nodes to work together to coordinate their'activity* In'^Drder for a 
numbjer of nodes to work together as a group, they must be able to ^ 
interact with each other enough to coordinate their behavior; this ' 
'seems to demand network configurations rich ^n triangles*. 
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TABLE 2a. 



The disfribution bf 's^for the networks shown in Figure 10« The ^ 
distributions are identical for all three networks, and are approxi- 
mately normal, is close to S^. 
^ ' 0 e 
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1.85. 


9 


2 


6 
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1.69 


1.97 


1.85 
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35 
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.517 
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TABLE 2b" 



In this table are shown relevant values describing the three networks 
shown in Figure 10. Values for Te and Tg.x were rounded to integer 
values. Lists of the triangles for the three networks appear below. 



NETWORK A 

1- 3-10 

2- 8-12 
^-13-14 

7- 9-13 

8- 9-14 

9- 13-14 



NETIVORK B 
» ' ■ 

1-2-3 

1-2-11 

1-10-12 

4-5-6 

4-13-14 

7-9-13 

7- 9-14 

8- 9-14 

9- 13-14 



NETIVORK C 

l-.2-3^ , 
1-2-11 
1-4-10 
1-11-12 
6-8-9 
; 6-8-14 

6- 9-14 

7- 8-9 
•7-8-13' 
7-9-13 ■ 

. 7-9-14- 

7- 13-14' 

8- 9-13 
8-^-14 

8- 13-14 

9- 13-14 



The networks shown in FigureA_10b and 10c were cdnstriicted 



from this first network by rearrtoging the link»^so that there would 
^be more triangles in b than in a ^ and even more in c. In both* b and 
c, the 1^'s are exactly the same as In a. All the relevant values 
axe shown in Jable 2. 

Even a quick glance will show ^that the^ trend is. clear as we 
move from the random network shown in Figure Itfa to the structured^ 
one in Figure 10c — the 8v*te« shown in c exhibits cle'i^r differenti- 
ation in/o parts. This ^Is a direct result of the increase in struc- 
ture, as operationalize'd by the number of triangles • The relation 
between number of triangles ani4 system differentiation is due to^ thtf 
fact that in order to have groups, we must have sets, of nodes wfflch 
interact more with each other than with other nodes outride the sets. 
This would lead to an abundance of cases *in which the nodes linked to 
any particular node are linked to each other, which is exactly what 
triangles^ are. 

This, then, suggests at leatft a partial answer to our ques- 
tion, ••What do we look for?" We look for structure in terms of dif- 
fejrentiated parts %rlthin the. system. These differentiated parts — • 
call them "groups" — will be made up of individual elements which 
have* most of their interactions with other elements in the sane groups. 
The groups are one level higher than the Individuals that are members 
of the groups. ' 

We can make several points about these groups. . 

(1) We are using an alternative description when we refer to 
these groups as stjcuctural units. If we focus on the individuals making 
up the group, we will be describing functional phenomena: which nodes 
Interact with which other nodes. At the group level of analys^<^^ 
however, we have descriptions of structure* Thus, function at one 
level becomes structure at another. This type of alternative descrip- 
tion is consistent with the logic of complex systems.^ 



(2) This model is conslste^ with the one proposed by 
Herbert' Simon (1973). He suggests that^nultiple-leveled hierarchical 



8y8te«n8, where the system is made of parts, which are made of smaller 
parts 9 and so on» are inhereil^ly mdVe stable ^han monolithic non- v 
hierarchical -ones. Not only are they more' stable, but< they evolve 

er and function mo^^e^^efflcientiy frpm certain points of view* 
' One reason for these Advantages can be seen In m> structural aspect 
Simon calls loose horizontal coupling In. production systems. Within 
a unit, there are relatively strong connections among the components • 
Connections between ^dups, however, are of a different sort* Com- 
pared to the number of Intra-group* links, there will be a much siaalie]^ 
number of inter-group links* These ''bridge" links may be made by 
specialized Unking compotients. At the higher level of groups, many 
of the microscopic details that were relevant at the iip^dividual level 
become irrelevant. Because of t-h4« l^rt- 4va loss of detail,, it ^s 
possible to coordinate a number of groups into a larger system than 
would be possible without a hierarchical structure*. To understand 
the function of tlA whqle system, it thus becomes necessary to first 
examine its structure, as multiple-leveled structures deo|and similarly 

multiple-leveled' descriptions* 

i 

In order to understand systems with multiple levels, we have 
to examine them at sev^aX leyels of analysis. Tl^e GASSICS procedure, 
with its iterative looping, is set up to do just this* Although none 
of the single steps of the procedure include more than two levels* 
other than the w^ole system, thef procedure, with its repetitive loops, 
includes as- many levels as there may be* This is how simple methods, 
which by themselves cannot be used in complex explanations, are put 
together in a procedure which theoretically has no limits in terms of 
multiple levels. 

(3) When this model is applied to communication networks, 
it is consistent with the classical sociometric model that has been' in 
use since the forties* In^ the sociometric model, the groups are called 
"cliques and phe linking components are called "liaisons" or 
"bridges*" Traditional sociometric methods were concerned with the 
locatiop of cliques and liaisons, and with the description of their 
function in the overall network* 
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: 

. (4) Finally, this model is also consistent with an infor- 
mation processing approach. In this approach, individual nodes would 
be assumed to have finite abilities to process information. As the 
, number of nodes in a group increacfes, the amount of information that 
must be processed in the coordination of the members also ijicreases.. 
Clearly, this places a limit on the size of the group. If a very 
large number of nodes must be coordinated to perform a very complex 
task, a hierarchical structure will be more efficient, in terms of . 
the amount of energy that must be expended coordinating members of 
the system, relative to the amount that may be devoted to achieving 
the goals of the system. ^ 

SUMMARY 

' * In this chapter we developed the statistical tools needed 
to measure deviations from random organization. This is the^ second 

i 

Step in a cycle of the GA§SICS procedure for analyzing complex systems. 
/ , This method is based on an analysis of the constraints whicli 

vjiay be inferred to be operating in a system. |fe were interested here . 
in a particular kind of constraint, one which influences patterns of 
interaction among the parts of the system. We sl\owed how^ this kind 
of' constraint could be operationalized by examining sets of relation- 
ships between parts in such a way as to be able to determine how much * 
interdependence there is between all the relationships. We showed how 

^ to calculate the amotint of Interdependence expected in a random or^ ^ 
unstructured system, and then how to compare the amount observed, in a 
real. system to that amount, gaining a measure of the amoung of struc- 
ture beyond that expected by chance. 

We observed the Implications of this kind of structuring by 
taking a random system and " rearranging the set of interr^tionships 
between its parts in such a way as to increase the interdependerifce or 
cjonstraint. The higher the interdependence, the more clearly organized 
the system became. In terms of 9 differentiation into intermediate 
level parts, which we called grbups. A low-level system that is con- 
strained or structured in this way is likely to be organized 
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hjLerar.chlc^lly. The system as a whole is likely to be differentiated 
into parts i^hich may be further differentiated iLnto smaller parts » and 
so on* Tlus^klnd of arrangement is vfaat ve should look for if the 
system is structured. Since ve can easily calculate the amount of 
. structure » ve can tell whether or not ve are likely to find such a 
'hierarchical arrangement. 

^ii^s concludes the second step in a cycle of the GASSICS 
procedure. Thenaext chapter vill discuss the third step. 
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CHAPTER EIGHT 
THE IDENTIFICATION OF DIFFERENTIATED SUBUNITS 

Chapter Six described netho^e for collecting reletlonel 
dete about the eleaents In e cenq>lex systea. This ves the first step 
In a cycle of the GASSIPS loop. For an applied ezaBple^ ve used the 
case of coaummlcatloa networks In large sotli^ sjrsteas. Chapter Seven 
developed the statistics needed to make the structural measurements 
of the second step In the GASSICS loop, this chapter ve present 
an algorithm for performing the third step In the loop — the Identi- 
fication of differentiated subunlts In the system. 

He begin with a general djLscusslon of the problem and move 
on to^a presentation of a more complete specif xcatldn of the goals of 
this step in the analysis. Following thls^ ve describe an algorithm 
that vlll produce the desired results. The last section presents a 
specific implemenutlon of this algorlthp vfalch h^B been used to ^tudy 
s^ructSirlng In human communication netvorks. 

INTRODUCTION , ' ' • ^ ^ 

, In this chapter we. will be discussing an algorithB fpr per- 

foTtddg a certain type of analysis. The third step of the GASSICS 
loop is to identify differentiated subunits in the syatea. 

Terminology 

In keeping vith the distinctions made in Chapter Six» ve 
use different terms to refhr to the data than the ones ve use to 
refer to t^syetem. The analytic terms that replace system^ element > 
and relationship are networks node ^ and link. Since this step of thfi 
GASSICS^^lMp is Involved vith an analysis of the hetvork of links be- 
tween the noaM» we.cmll.it network analysis . To differentiate this 
type of network analysis from others » and to remind ourselves that it 
is a part of the more general GASSICS procedure » we call it G-Nefwork 

^ ^^^^^ ^IL^ 
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Aaalysls * The use of this terminology will make It^^sler to be 
specific vrtien referring to different types of a^lysls and to make 
It clear whiph phase of the GASSICS procedure ve are referring to. ♦ 

Goals of G-Netvork Analysis 

The goals of G^Netvork Analysis (GNA) are fairly sti^itight- 
forward: to identify any existing clearly differentiated subunlts in 
the network. These subunlts will correspond to units in the system 
one level above the level of the parts whose^^teractlons were de- 
scribed in the first step of the GASSICS loop. 

Our analysis of the i9q>llcatlons/of structuring in Chapter 
Seven suggested that these subunlts, which we called /'groups/' would 
be composed of sets of Interacting low-leve,]i^^rts, or nodes. The 
nodes in any one group woiU.d be distinguishable from other nodes in 
. the network by the f f ct that most of their interactions woxild be. with 
other nodes in the same group. This distinction is made possible by 
a difference resulting from the^ operation of soiae form of organlza* 
tional constraint in the original system. 

■ j\ 

i. Linkage versus distance repbresentation 

It should be emphasized here that the basis for asslgidBent 
of nodes ^o groups is patji^W of interconnections . Clearly, this 
conceptualization demands an analytic technique which looks at the ^ 
pa^ttems of interconnections, as actually observed, rather thazi some 
other representation. In Chapter Two we described several types of 
"network analysis." In many of these, data based on met;hods that, 
calculate "distances" or "8i]id.larltle8" among the elements of the 
system were used. These distance methods may all be constrasted 
with topological or linkage-based methods such as the one demanded 
by the conceptualization presented here. Although some linkage-based 
methods, as well as many distance-based methods, require the data to 
be expressed in binary (either there ia^ a relationship or the^e is not 
one) form, the method described here does not impose this constraint.. 
On the contrary, it requires relationships to be scaled on a continuip 



ERIC 



148 

"of strengths, so that stronger relationships are represented by 
stronger links. The strength indicators are used in many parts of 
the actual analysis. . ' ^ 

Our aodel is not concerned vi^th such concepts as proatlalty ^ 
or siailarity or multidlaensional distance, except as they are in- 
directly implied by the patterns of interconnection. Although these 
concepts may be used in some descriptions of thh system, they, sre 
irrelevant to the model jiresented hege > With distance mod|ls, it will 
be recalled, the original data are first tran8|ormed into a distance 
or similarity matrix^ Which is used as the starting point for the 
analyse. The "distances (or "similarities'') used in these methods 
are indirectly related to the actual behavior of t^e elements in the 
system. As a result, the distance\matrix^y be^ related to the raw 
data in very complex ways that are^ifficult to express in terms of 
actual interactive behavior. In contrast, GNA, the' present method, 
looks only a 
the, system. 



looks only at actual patterns of Interaction among the fembers of 



2. The classification of nodes . * 

The analysis of structure in Chapter Seven suggested that' 
we should look for clusters of elements having most of their inter- 
actions with other elements in the same clusters. The laaln goal 
will be to Identify these clusters or groups. 

. (a). Non-participants and participants. Before we do this, 
however^we can eliminate all elements that do npt interact at all 
with the rest of the system. He can also eliminate all elements that 

i 

are connected in such a way that they, can only function as sources or 
final destinations of any information or influence flowing through* 
the system. These elements function as if they were outside the 
system ~ either parts of the environment or representatives of othery 
systems, ^though they may |>e liq>ortant as' they, function in this, // 
role, they, do not participate as members in the activities of th^ \ 
rest of the network. The elements eliminated are called non-paytiHpWs 
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They include\both nodes not liSked to the rest of the network and 
nodes linked only minimally. This definition -will be ex^nded upon 
In a few paragraphs; . ] 

. The remaining elements — the participants "^^^will comprise 
the bulte^of the^lfotem. These will include all the members of groups 
"^as well as the elements working to connect the groups « 

The Classification scheme we ^re using* here is shown in 
Figure la. The first division is between participants and non-parti- 
cipants. Non-participants are subdivided into the isolates and 
tree nodes. There are three types of isolates ~ Type 1, Type ^, 
and Isolated Dyads. 

The participants are divided into group members, liaisons, 
and others. The category of "linkers" Includes the liaisons and 
others as ^well as any group maabers who have links with members of 
other groups. Those group-member linkers are often called "bridges." 

W Groups A group will have at least three members ^ 
because with two it is simply a dyad, in* which there is little chance 
for coordination with the rest of the network because then the 'dyad 
would be part of a larger group. All tlie members of a group miist 
have most of their inter^tions within the group. There must be 
some path, lying entirely within the ^oup, from each member to every 
oth^ member. This insures the possibility of communication and 
coordination of all the members. Without this connectedness, the 
group cannot* function as a unit and must be Ijroke^ down into two or 
more^ separate parts • ^ * . , ^ 

We might add further restrictions to guard against/situa- 
tions in which a set of nodes identified as a group is really two or 
more groups. Joined by small number of connections, either directly 
or^directly, to other .groups in the set. To do this, all we have 
to do is stipulate that no group may "be made dis-connected by the 
removal of some small subset of its members . if the removal of 9^ 
8mal,l subset of members dauses the group to become dis-connected,. the 

group should be split .apart^ % , - 

• * * / 



3 



r 



150 




Figure la 
NETWORK ROLES 



Group Members 

■ 2 - 


' 7 ■ 

tinkers 


Non-Participants * 


Gtoup A: 1,2,3,4,5 

Group B: 6,7,8,9,10,11 

Group C: 12,13,14,15,16,17,18 

V 


Liaisons: 19,20 
Others: , 21 

■ 7~— ' 


Isolate Type 1: 27 
Isolate Type 2: 23x24 
Tree Node: 22 1 
Isolated Dyad: 25,26 
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Flgur^ lb 

CLASSIFICATION TREE OF NETWORK ROLES 



( 



All Elenents 



Non-partldl pan 1 8 

\ 

Tree Nodes folates 



Isolate Tyi^ 1 



Participants 



Liaisons 




KfL Dyad 



' ^ The elenents IxTth^ 




^Non-bridges 



^these categories 
are -generally referred to as 
"linker 
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Thus, the criteria , that must be satisfied in order ifor a 
set of nodes to be called a grdup arec 

(i) ^^ere aust be at least three aembers. 

(ii) Each must have most of its linkage vith othet mealbevn 
of the same group • Hete, amount of linkage refers to 
amount of interaction rather' than number of relations - 
ships . This point is clarified in a few paragrapfasi^ 
. ^ ' . / 

(ili) There mu6t be some path, lying entirely i^thin the 

group, from each membei^to tacb other member (this is 



called the connectedness criterion). 

(iv) Thjere must be no subset of links or nodes ^icIiT^f 
removed^ causes the group to becoiie ^l^'^connected 
(in practice, the subset is usually smaller than ten\ 
pefTcent of^ the group — this is called the cri^cal 
l^ks/nod^ criterion).* The nodes that are xWoved 
%rtien testing this criterion are examited to see which 
rcUe they f itv (they typically become liaisons eft group 
m^ers). 

(c) PArticipantj^rr group members and linkers. * Part;icipant^, 
are then either group memoers or **llnkers»" connecting thc^ gtoups. 
These role categories^ are defined by the following criteria. ^ 

(i> group membf r — a node with most of its linkage with 
other members of the same group. 

(11) liaison — nodes w||ich have most of their linkage with 
^ group members in general, but not with ^members of any^ 

* single group f <> 

(^ii) type other — npdes which do not have most of their * 
linkage with group memjxls in general. 



^ Liaisons and others are the "linkers** mentioned ^above . The 
difference between the two -is that liaisons work directly with the ^ 
groups they comiect- while others do not. Others can be thought ot as 



*This criterion has been stated as^ two separate criteria in the past 
(Richards, 1974); one for critical links and one for critical nodes. 
Operationally^ the same procedures are done when^testing the separate 
crl±erla, so they havtfvbeen stated as a s^gle criterion ^re. 
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providing^ ^fe indirect, or multi-step, lijiks between groups. A 
third type -of linker vk a group nember which has connections' with 
members of other groups, The^e nodes are called 'T)ridges7" Non^" 
bridge groilp members, bridge group members, liaisons, and others may 
be compared on their patterns of opnnections with, groups* members: • 

Hon-bridge group members have most of their linkage with ^ 
members of their' own groups and no linkage with members 
of any other group. ^ 

Bridge -group member^ have most of their linkage with members 
of their -own groups and may have some linkage with members 
of other groups. ' 

^ Liaisons have nps't of their linkage with members of groups 
but ciot.vith the members of any single group. 

Others have less than half of their linkage with membe^-o^f ' 
^ groups. (Most of their linkage must: be with liaisoxxs and 
other others.)"^ 



(d) Non-participants. " We can provide, similar criteria 
for the classif icaeion of non-participants. . 

(i) Isolate Type ,1» or Unattached Isolate — these nodes 
have no links whatsoever. . * 

(ii) * Isolate Type 2. or Attached Isolate — these nodes 

have only a single link and thus cazmo^t take part in 
the tr^sfer of inforfcation or influence through tfee 
network. -They may, however, function as sources of 
information' if they either are outside the system or 
have links outside^ the system. 

(iii) Isolated Dyad — these nodes are similar tor attached 
; isolate pairs who are linked to each'^ther. In terms 
of contact wit^h the rest of the network, they funQtion 
more like Isolate Ty^ Ones. 

(iv) Tree Node — • sometimes there is a chain -of isolates 
where ^each one iscattached to the next and only one 
end is connected to the rest of the network by a con- ' 
tact to a participant. The node at the other end of 
the <;hain will have only one link and will be an at- 
tached isolate. The nodes in the chain between the 
attached isolate and the, participant az:e. all called 
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Tree Nodes. If any llpk la the tree structure Is cut, 
the distal part of the cut (the part farthest from the 

— '—^ p a r ti c i p ant en d) vl ll b e s ^p a r a t ad fr o» th e r ast of t h e . 

system. All the categories of nodes are Illustrated 
in Figure 3i. 

* ' * . 

(e)' Amount of linkage versus number of links. Several of 
the criteria refer to a proportion of a node's linkage. Ne are refer- 
ring here. to the amount of linkage , rather thsn the number of links . 
The amount is operationalized in tenys related to interactions among 
the parts, %Aere interactions ar|^ vieved as processes involving con- 
straint.. We are interested here i^the smoimt of co^stra±nt rather > 
than the number of constraining relationships. T<y give a specific 
example:^ if the amount; is operationalized as "time spent interacting" 
when the network is for a coonunication system, we would look at the 
appropriate set of links in terms of fraction of the total amount 

^ of time they cooiprise, rather than in Vermn of how many links there 
are^^ Thua, a no^e having ten links coiild be a group member even if 
only two of \ those ten links were with members of the group, as l^g 
•as thos» two \ links account for more «than half of the total' linkage. 
For example, those two links might take four hours per week. If the 
6ther e^ght links combined total less than four hours per week, the 
node woujjd be a member of the group. ^ • ^ 

^ . The goals of aiA' ure .thus to classify '^tSTnodes in tbe net- 
vprk into the various network roles, j>ased pn their patterns of 
interaction with each other ^ad to provide as^ iftech information as ' 
possible about the system at each of three levip.iB"'— the individual ' 
node, the group, and the isntire set of nodes. \ ' |. . 

Taken by itself, out c^f the context of the GASSICS proce^ - ^ 

duire, GNA operated only at three levels. I^ the context of' the \ 
larger framework of GASSICS ,^^owever, it may be used to provide . / 



information at several additional levels. The iissue is discussed 

% 



more coiapletely in next 'chapter. 
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AN ALGORITHM FOR PERFORMING G-NETWORK ANALYSIS ■ 

So far have seen what the goals of GNA are and what kind 

9 

of data It uses. . In this section we will see how the actual analysis 
is accomplished. The main tool is NEGOPY, the GNA program. In the 
first part of this section ve will discuss the algorithm upon which 
the program is based because an understanding bf the procedures 
carried out by the program is necessary^to any potential user of the 
program, in order to know what is happep.ing to the data. In Part I of 
the Appendix ve will take up several considerations directly related 
to the 1973 CDC Implementation of the program, such as limits on the ' 
data, specific Input ^requirements, and so^on. We will also discuss 
the various options the user has when running NEGOPY an<^ the output 
of the program V — what ^he various tables mean and how to Interpret? 
them. Detailed Information on the actual use of the program — how 
to prepare control cards, error messages, and how to Interpret theit, 
how to ''fine tune" the program, and several other miscellaneous 
issues — are discussed In Part II. 
{ * Ttv^ point was made earlier that GNA Is a topological method 

— it looks for specific patterns In the data. The realization that 
this is ^. pattern recognition problem made it possible to program a 
computet to do. the analysis. The GNA program, then, is. based on a 
pattern recognlt;ton algorithm* Although it uses a variety of statis-, 
t leal and' mathematicalr operations as It carries out an analysis. It 
is not basek^oi ^thematica^.or /statistical procedures,- as are other 
klnds^^ analytx)Ss^ogram«| like, 'for i^tst^ce, factor analysis. 
\. In addltiohs^to^ this difference, the GNA progrlarworks with 

V. ii^ format ion ^om ^lot^o^e but thVee levels of analysis at one time. 
Xn GNA there ^ not only Individual, no^es j^ut also groups o{ nodes 
and the'iwlijple syste^l^ The differences between this kind bf network 
^analysis idid other types ^of \analysls' will be discussed In 4i^pth In 
Ohaptei; Nlne.>^e kove now to a discussion of the algorithm upon which 

the GNA program is based. \ • 

' - . / ' / * ^ ' ' * ' 



There, are five. steps in the analysis. First, thejj±a are ' 
read in, cleaned, and organized in an orderly fashion. Second^ an 
iterative operation that Bakes the actuaf pattern recognition'^part 
possible is performed. In the third stage, the patd^m recognition ' 
algorithm is carried out. Here, gvpups are tentatively identified. 
In the fourth^ fttage, the strict criteria for the varloiis role defi- 
nitions are applied and the tentative solution produced earlier is 
tested and made exact. <rhe results. oif the analysis are printed out in 
the form of various tables and charts in the fifth and final stage. 
In the following section, we will' be concerned only with the actual 
conq)utatiohal parts of the analysis. * Thus, we will , cover only the 
second, third, .and fourth stages here. The other stages are covered 
In Part I, where NEGOPY; the actua-1 computer program, is 
described. . . . ■ 

The Classification of Non-participants 

before beginning the group detection routines, all non- 
participaats ar^ identified and classified in the appropriate Way. 
Unattached isolates (Isolates Type 1) are located first. These are 
the nodes %rlth no links whatsoever. Isolated dyads and attached 
isolates (Isolates Type 2) are identified next. " These nodes all 
exactly one link. ^ • 

The t^ext step is [to identify the tree nodes. If links to 
attached isolates are ignoied, some tr^ nodes will be left with 
dniy one link. These are ctfyt-step trie nodes. If links with one-step 
tree nodes are also ignored, two-step tree nodes will be th£ only 
ones having one link. This process continues^ until all tree nodes 
are identified. The process is shown in Figure 2. 

The Algorithm Which Identifies Groups ^ 

TheWjor task to be acc^mpTished in this part of the anal- 
ysis is to identify the groups. We have data describing .thi relation- 
shiiTs between the individual nodes. If we can represent the data in 
the right way, it will be easy to "see" the groups. The representation 



Figure 2 

THE IDENTIFICATION OF NON-PARTICIPANTS 




2a 




2c 




2b 



2d 




15 7_ 



2a sHows a part of a netV9rk. . ' Node 11 Is an unattached 
Isolate; 10 and 7 are attached Isolates; 8 and 9 are^ tree nodes /and 
the others are group meint>6rs. None of tfie nodes have been classified 
in 2a. In 2b node 11^ the unattached isolate. Has been identified by 
the absence ol any links. 7 and 10, the at.tached isolates, have^also 
been identified by the fact that each has only j)ne link. In 2c, node 
9 h^slteen identified aa a one-step tree node. / T|iis 'identification 
was made because tl\e. node has only, one link, n^t counting links, to 
.isolates. In 2d, node 8 has been identified as a two-step tree node. 
8 haa only one link, not counting links to already identS^^ied non- 
participants. , ' 
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m would .like to have would be one in which the members of each group 
as "dose" to other members of the same group and "far" from the 
members of other groups, Then we would just "look" for clusters 
— ^groups — sets of nodes iiavlng most of their linkage to other 
nodes in the same groups. This will be a graphical^ representation 
of the data — nodes will be "moved around" until their- locations, 
relative to other nodes, can be used to j^ecide the way they fit into 
the network. 



1. The vector averaRing procesrf 

The first atsp^in the identification of groups is to re- 
arrange the data sj) that the groups become visible; the second is to 
identify the groups. The way the first step is accomplished can be 
understood with the following analogy. Imagine the nodes to be like 
billiard balls scattered about In space. Imagine there to be rubber 
bands connecting the balls corresponding to nodes with links between ' 
then* Imagine there to be sj>rlng8 between ballPcorrfeBponttlfig^to ^ 
nodes that do not have links between them. The rubber bands will act 
to pull the balls cooneclfcd. to each other closer to each other, while 
the springs will push the balls not coxmected to each other apart 
from each other. If we hook up th^ rubber^J>and8^and springs and 
release the balls, they will rearrange themselves so that the balls 
corresponding to nodes with links to each.other^^dll be close to eacb^ 
other, while the balls correspondlngv^to nodes that a|^e not linked to 
^ each other will be pushed away from each other, this exa9q)le is 
shown In Figure 3. v 

►J 

We could relEixie thisfteij^lque by using heavier rubber bands 
to represent the links that occtir more often ^ or that are mpre l]q)ortant 
Since our. objective here is to make it easier to identify groups, we 
could make the process operate even better if we cou]^ make the 
rubber Wds^ for w^thln-group links heavier than the ones for other 
kinds of liokiK^In order to do thi^; we need some indicator that tells 
us which links look like wi^thla-groiip links. 
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Figure 3 

THE "BALLS AND BANDS" MODEL 

This figure Illustrates the billiard ball and rubber band 
model described In the test. The network shown has two groups of 
three nodes each. .The three drawings represent three successive 
Increments of tlme» as the nodes move farther and farther Jji , response 
ta the forces exerted by the rubber 4>ands. ^ 

The original position of the balls i4||ihdwn by the shaded 
circles in the top drawing* Movement of balls during each tine 
Increment Is shown by the dotted arrows in the three drawings. The 
scale was changed in going £rom the first to the second to the third 
drawing in order to show smaller and smaller regions In space as 
occupying the same sized area in the drawings. The region of* the 
top drawing shown in the middle one Is indicated by the dotted box 
in the top. Simlluly^ the area of the bottom drawing Is shown by 
the dotted box in tbe middle one. 
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^ If two nodes are* In the same group, they are likely to have 
many links to the same nodes. There is likely to be a high number of 
shared links, or tworstep links, between this pair of nodes. If they 
are not in the s^ group, they are not lik^lyg^to interatK^ with the 
same nodes and there are therefore not likely to be many two-step 
links between the nodes. Thus, the number of two-$t'ep links is used 



' of tw< 

, by the program as an indicator of the probaA|l^y that th€ link is 
a within-group link. * ^ 

* Now, it is difficult to represent large numbers of points in 

multi-dimensional spaced It takes a lot^of information to do so, and it is 
fairly difficult to move objects in this kind of space. Extensive experi- 
mentation with rea]/data, however, showed that it was not necessary to 
use a multi-dimensional representation for this analysis; a single 
line segment was sufficient. This kind of reduction ^n compleicity 
of representat^n ^oth reduced the amount of information needed to 
perform the analysis and" made the analysis itself become easier to do. 

y * The analysis is performed as follows: nodes are ' scattered 
at unit points, along a line 'segment N units long,' where N is the num- 
. ber of nodes. We then treat each l^nk from, say, node A^to node B 

as a vector, starting at A and pointing at B. We /take all the vectors 

♦ 

for each node and compute the average, weighting the individual ^ - 
vectors for strength of %he link and -probability that the link is a 
.within-group link. We l^hen get a single point for each individual . . 
node, that point being the , mean of^ that node's vectors. This is 
illustrated in Figure 4. After all\^he means have been comput^, 
each node is moved to the point faidicated by its mean. 

After this process has bee^compl^ed, nodes with links to 
each other will be closer to each d^H|^han they were before. They > 
will liot, however, be as' close the^Pbuld be. This fact JLs due to 
Ci/fe way nodes are scattered initially, and also because of the statia^' 
tical properties of the mean. For this- rfeason, the entire process is 
repeated, using the new locations instead pf the origi?ial- positions 
used for the first set of calculations. A plor showing- how the nodes 
move ^in successive -iterations is shown in Figure 5. Between each set 
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Figure 4 

THE Vector averaging process 



\ 



In A above, is shown a hjrpothetlcal network, consisting of 
:wo .groups, each of which has * three meaiersV "The vector averaging 
process is illustrated in B on the next page* 

The first set of three ''arrows" shows the process for Node" 
#1. On the top Is the vector for the* link from #^1 to #2. Below that 
is th§ vector for the link to #6. ^ 



/ 



. ^ ' The solid circle on the third line is the starting point 
for Node #1. The mean for jS^l is calculated, by adding together the 
two^v^ctors — to '#2^and #6. The location of Node #1 is also added. 
The^sum is then 2 +#+ 1-9. The mean is dimply 9/3 « 3. Node #1 

thre point shown as an open circle on the third 



is moved 
litie. 



to the jnean. 



The next five sets of lines show the process fpr nodes 2/ 
3, 4, 5, ajid 6, respectively. 



Ori^nal Location 



= New Location 



163 



1 



* v: 




^— i>(:> 




>!<} 



Figure 4b 



' • 5 



ERIC 



I/; 



V ■ 



i - 

_ A 




i 



164 



Figure 5 



ITERATIVE PROCESS OF VECTOR AVERAGING 



SCALE' 
E)^PANS I ON 

i 



SCALE 
EXPANSION 



This diagram shows how the iterative process of vector 
averaging works. The first, line shows the initial positions of the 
six nodes. The second shows what, the means could look like. Moving 
from the secoi^d^ to ^the third lines , the scale has been expianded so . 
that the node^range over the entire leng^b-of _the continuum.^ The 
-fourth, and six^i^'lines show the second ^d third sets of meansj whil* 
the expanded, versions are shown oh the fifth and seventh lines. (Note 
that the val.ues shown are not the actual values that would be obtained 
for (this particular network; they are, intended merely to illustrate, 
how the process might typically 'look.) 
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of calculations It Is necessary t^ expand the scale of tlie continuum ' 
, 8o that the spre^ or range which is occupied by the nodes rexoalns N 
unl£s long. If ^thls Is not jdone, the points will move closer and 
clos^r^to each other, flnall)[ collapsing on a single spot. This Is 
the "scale expanslo^" referred to In Figure 3. 

^ The formula used for calculating a node^s mean Is shown 

M' - £(^fi^Si-Mi) . , 
Kwfi-Si) 

4 

where wfj^ Is the tworstep weighting fae^tbr cesser Ibed "above -(the number 
of t^-step llnlcs connecting the nodes plus one); Is a ratio-level 
Indicator .of the strength of the link; and Is the old mean of the 
node^ to whom the link goes. The summation's done as 1 goes from 1 ' 
to It ^ere i Is the number of links that the Indl^dtffl node whose 
mean we are calculating has. 

In the developme^nt of this algorithm, different numbers of 
Iterations, .(different ways of Varying relatlv^ contributions of^wf^'s, 
S^'s,Ua^id ^M^*s, and different wa}|| of assigning the original M^'s wer> 
^ tried. Iq^ general, four to six Iterations seemed to be sufficient for , 
any data set that was"* esouniined. If nodes are given "subject numbers" 
running from 1 to where N Is the number of nodes, and these subject 
numbers are used as the first approximation for the M^*s,tthe process 
seems to work well for allQ:yped of data! In actual tests, when 
different subject numbers were assigned to nodes, the solution ob- 
tained ^as identical to the first solution, which Indicates that the 
process is not terribly^ sensitive to the original positions. Usually^ 
the ^jj^ Sji^^s are give^ equal weight, although this has not been ^ 
tested extensively. The computer program allows the effects of the 
wfj^*^ to be varied by the use of an additional weighting factor W2S, 
which is shown in the equation below. When it' is set to one, both 
the wfj^'s and the S^^'s have equal influence. ' * " 

. z((W2S.wfi).Si.Mi) 
^ E((W2S-wfi).Si) 



' ' , * 166 

The result of the application of this process is a continuum, 
N units long/ with a iscattering of nodes ^long its length. Because of 
the way it was obtained, the continuum cannot be directly interpreted 
in terns of the behavior of the individual nodes in the network. It 
is impossible to determine the relation between specific raw data and 
the final results for any given'node in complex iterative procedures 
like this one. Th^^*^ationship is 6tati^^i^'and must be inter- 
preteci in statistical terms: the nodes t^ arU close to each'othct 
on the continuum are likely to be somehow "close" in the network. ^ * 
That is, they probably are in the same group. . It is impossible to 
say anything specific about whether ot not the nodes are linked or 
how many two-step links tHere are connecting the no4es. k sample 
network, together with the contlnutim that might result, is shown in 
Figure 6. This continuum is used as the input to the next stage of 
the analysis, in which tentative boundaries for groups are drawn. 

2. Drawing the t en t At ive -boundaries " ' . 

For ari^ human observer, even a casjiial glance at Figure 4 
wilj. be enough to suggest that there are three clusters of nodes. The 
computer, however, must be "tbld" what a cluster looks like and how ^ 
to "look"" for one. People probably id^tify a cluster as an ap^a^in ^ 
which there are many nodes surrounded ty areas in which there are 
fewer nodes. T^iis is ess^mially what we have the computer "look 
for." ' ^ ' > ^' 

We will need a plot o^the "density" of nodes along the 
continuum. In order to obtain' such a plot, we construct a "window" 
and move it along the continuum, counting the number of nodes visible 
throughythe window at each pointy. This is shown at thfe top . of Figure ^ • 
5. The optimum size of the window, determined by experimentation; 
appears^ to be about two units on ii N unit line. Windoys^^^^smallfer than 
this introduce spurious statistical; information^ while with wl^d^ows^'^^^S^ 
larger than thi^ group bot^dari^l^end to blur and merge into indis- 
tinction. This is shown in^gufe 5, where density plots appear for 
windows of varying^ widths. [The result of moving the window dowa the 
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Figure 6 

A NETWORK AND THE CONTIffUUM.POR THE NETWORK 



Tba top of this figure shows a hypotbetlcal network composed' 
of twenty nodes.- Group boundariej| are ^indicated •by the dashed lines. 

/^^ The bottom shows what the final continuum xd.^t l^ok like 
fbr the network showxi in the top. Again, the group boiindaries have 
been indicated by dashed' lines. . 
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•continuum wil^e.a list' of* densities, with one v^ue for each indi- 
vidu^l4gde. Such' a list'S^ld be represelited as a'.tar graph like 
the one shown in JFigifre '7 ^ ' • ' . - 

: With this. Representation, groups will look like mounds, with 
boundarias beti^n groups, being ' indicated byaow points." Although it 
seems as 'though dhis reRrefftatation would be adequate, there arose 
problfemi .vrtiich Jtead to .'an improvenent over this simple plot. Although 
the problems will nfct be ^discussed here, the improvement will: iAstead 
<■ of just counting the nuaMr of nodes/visible through the window, two ' 

numbers are counted — the numbeA:' visible on the right half of the' 
• window and the number visible 'on the left hal!. When constructing the 
bar graph, .the number visible on' the right half is plotted above th^ 
hprizontal while the numb.er visible on the left half is plotted belw 
the horizontal. The result is^shown at th* bott'oto of Figure 7. 

• The final step in th% stage is to have .the coKputfer "draw" 
lines around" the groups. This is done by. locating spoTi at which 
there is a large jAange in density as we move from- one point on the 
continuum to the next. If weycount .the number of non -over lapping 
points and divide by the num^r flf '^rlapping points for feach pair 
of adjacent nod6^ on the final Bar plot, we will have a fairly sensi- 
tive indicator of group continuity. This -is siwwn pi Figure .8. High' 
values for this ratio will indicjite that' there is a" large change as we ^ 
move from one node ,tp the Aext. Low values, on the other hand, will ", 
indicate that there is only a small change. If we choose tut ting- 
point and instruct the- computer to "draw" a line whoever the. ratio 
goes above the cutting point, we will have '"told" tlje coiirputer how "to 
"draw" the boundaries arou2!t groups. , If-the value of the cutting 
point is variable, we -can alter the senisitiyity of 'the group spotting- 
routine in eit^ier direction. With a window of two. units, a cutting^ 
point of 1.0- appear^ to be optimum for most networks. Different 
values, along with /the results, are shown jLn. Figure's.- 

if • There is one finaHaspect of the process of scanning '.the con- 

tindiim that is important here: "scap mode." The .computer begins at 
one end of the continuum and works through theUocations of evety ii9de 
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• ' , , Figure^? * ' 

■ - ^- ■ . SHOVli^^m OPERATION 0? THE- WINDOV . ■ / 

• , ; ( ASD THE CONSTRUCTURING' OF fSE DENSITY PL^T ^ ' ' 

This figure shoWjiQ»^ the density plot is Bade . The ezaaple 
ujMS the continuum sanpi M^gurp 6. 'In the" top Jiirt/ the Trtndow is • 
shown, centered success ivd^ on the first elght-aodes* . - • 

/. ^ The thr'ee bar staphs in the' aiddle show the efiftects of dif- 

ferently sized vtx^ow^ ^ ■', 0 " 

.On the bottom is shown the refined veriioii of the plot', with 
numbers of nodes, v4.8ible° to (he right of the center of the window v 
plotted above the horizontal and nlinbers'' visible on the* leff of 'the 
wlndbw plotted below the! horizontal. 



' ^ ' 0 ' ^ . ]^igure 8 ' ' ' * . > • 

' .CUTTING ppiJrs ANi? tIhe boundary-diIawing process • ^ . ^ . 

This figure illustrjates. the' bdiJAdary-<ir4win& procSess, The . 
densitfy plot on the bottom of Fl^ut<t^ 7 ia shown/on the tjop of tfilTr-^^i^^ 
-figure. The table below tg«^plot shows the nuffiber of bver lapping \ 
points, the niamber of nxm-overlap^liig points^ and the ratio of the^ 
two numbers for each successive pair pf bars qm' the' bar jplot.; 

y 4 ' The^atios are i^lottcd.in the,gr|iph in m±d^^ of the 

-^rgfe. The three dotte^'^inea show the three <|ifferent .cutting points.' 

* ' B^low the ratio plot, the original contimhim is shown- threes 
tiiaes.^ 'the 'fitat shows- the' effect of a high' cutting point, while the 
Second and ^hird ones show the results for moderate and low values of 
the cuttlj^g poi^t, . • ^/ * 4 " ^ \'' 

* » '* " 
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along the continuu^m. There are two '*mode8" the computer • can be in at 
any point o£ thesc3ll>*^^^ is "group mode" and the other is "non-group 
mode." Wliet)^ the no^es between a set 'of the lin^ drawn by the com- 
puter sati&fy a set oi criteria, the compxJ^r is in "group mode." 
This will generally b^ the c^e when the' densities in the region of 
^he nodes arehigh. When the density ,^i8 low, the computer scan« in 
"non-group mode." Usually, the mode will be non-groyp be^tween groups 
— areas along the continuum in which the density o^ nodes ii very 
low. Although the con^ifter can' only sVJLtch diodes when lines are 
l^rawn*, /it does not necessarily switch every time a line is drawn. 
The nodes located between a paii[ df lines, in which th^ scan mode was 
"gfoup" are ^tentatively identified ^ a group. The other nodes are 
classified late^ on the basis of their .inteiaction patterns with,, 
other nodes'. ^ , • ! 

This concludes the appjojcimate phase of the analysis. , The 
result of this stage is a -list, of tentative gtoups of nodes. ' ISae ' 

next part of the analysis involves the testing of thi^ tcnt£^tive solu- . 

* * * ^ • *^ / \ I 

tiotPand any alteration, that may have to be done to "clean it up.^ 

3. Using the criteria for an exact solution 

^ This part of the analysis' can be divided into tw parts.* - 
In the first, individyal nodes are tested to see if they ^et the 
relevant criteria for their role in the network. If they 4b not, 
the ^appropriate changes are made. In the ^g^ond, .whole groups are ^1 
testedMpr the criteria that are relevant at that level. Agaili^ appro- 
priate chang^'^are made if necessary. We begin with the individual 
testing, which Is very simple., , ' * - 



I 



(a) Individual testing. First, nodes not in gft>up8 arc 
tested to see. if tiicy meet the cr^erion for either liaison or group 



embe^ship in any group. If any indiVi-dual node dpes meet the cri- 
terion, it is rfeclassified on that basis. IF di^ node fails both 



tests, it ifi labelled as "type other/* 
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Second, meab^rs of groups are tested to see if they meet 

the criterion Jor group membership. Again, if the criterion is not 

net' the appropriate changes are raadej ' 

/ Because ^changes made at any poldt in time can affect ^the 

roles of other nodes who were ^^^^^^ earlier, the tests a|^e applied 
twice to make sure that] the fipil classification will/ be consiatent 
with itself. \ * 

ib) Group testing. In £his section, we change our level of . 
analysis to whole groups, rather tlian, separate nodes. The criteria 
to be tested in this part are the connect j^vene'ss and critical link/ 
node criteria. Stnce the information generated in the.vtesting of' the 
connectiveness criterionvis hecessary in the testing of the other one, 
it will bejjip^ered first. • ^ - ' ' ' 

*> . * * ^ ' ' ^ ' 

(i)" Forming' the distance matrix — The basic, device' used 

\^ ' in the testing of^ these cs^terla is the distance matrix . 

.which 1b constrdcted for e^ch group*' In thli n-byn matrix 
^ (n i^ the.nximber of .members 'in the group), the entry in/ 
« . ^ '^9^ i f coiuax^ j gives^ the ntlmb^r of ste^s needed to get ^ 

from node 1 to node j in. the groi^lP'. If there is some finite^ 
number In Jach element o£^ dkt matrix, the group will be ' 
conn^otted. This means, that there will be some path^fron 
each node in the group to every other node' in t^ie group. 
. The. longestf.any path could be is n-1 steps. A sam^e net- 
work, together with its distance matrix,' is shown in Figure 9'. 

^ The distance matrix is construcfted as followa; iPmatrix 
Iris constructed ^ which tl^ere is a «row and a coltan for each 
no4e ia the ^oup. All the eletents are lni£ial^ed to 
zero. Whenever there is a l^k from node i to nod^ j, a« 
^1" is entered in row i, column J. If fhe link is recipro^- - 
. .cated, a "1" Is also entered in row j, columi i. : /" 

A Boolean logic operation which is anal.goou8 to raising , 
,thfe. matrix .to successively higher a^d higher powers is then , 
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Figure 9 

y . ■ A- DISTANCE MATRIx" ' ' ^ . 

At the top of F^Lgure 9 is shown a hypothetical eight Aiodc' 
network. The matrix directly below the network is a binary v^tsion 
of the network* In this aatrix, each node has '"a row and a column. 
Th€f i,> entry of the ma^tx is 1 if nodt iMs linked to node j. 

The second matrik is the distance matrix for the same net* 
* work.. The entry in' the ±A element of the matrix is the number of 
links in the shortest path from node i to node j* ^ 
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performed. Instead of setting the IJ entry In th^ product 
datrix to the' vai^e of the cross product of the 1th row and 
the j^h column, howeveV, the first power^on ^^ch this vafu^ - 
becoml^s non-^zero Is used, ^ [ ' 

The raising of the matrix to/hlgher powers Is stopped . 
%/hen one of two cojidltlons j^tal^ either: (a)^ all off-^ 
diagonal elements became non-zero, vhlph implifes the« group * 
Is c<|nn^ted; or (b) wh^ going frd# any pover^k to the next 
power k+1, no entries ch^ge value, which Implies the groufi 
Is not connected' at level k and wUI yver be connected at 
^ /any level, ' ' ^ . - . . ' • \ 

If the group is^ not connected. It Is split Into a coni\ected 
part and a^l the rest,' '-EacTT bf^the two^arts Is then trVated 
a6 a separate group, and subjected to all the tests that any 
group must undergo,* \ ^ • -•j^ ^ 



(11) Testing for critical nc^es, At this pain; therfe 

^ * ; 
Is only the critical links/nodes criterion remaining to be 

tested. This criterion serves as a check against situations 

like those shown In the bottom half of Figure^O, where two 

, groups have been mistakenly Id^entlfled as one. This s'ltua* 
tlon is generalized to inclade situations In which there are 
any numbe^df multiple groups, connected 1q some relatively ^ 

' minim al ^ay, which we wish to separate into distinct groups. 
The* occurrence of these 'Confusions Is a result of the Inele- 
gance of the approximate techniques used in the iff^^t half of ' 
the analysis. For -analytic purposes, ^t was practical to 
c^ine both critical links and. nodes l&to a single rule which 
says' that no subset of so^ arbitrary size may be removed '' 
from a group and cause the group to become disconnected. If 
there Is such a subset, the group will be seen to "really" 
two or mor^ groups. As a result of this combinatipn, whenevet 
two groups are joined byia bridge link (a link between members 
>^f. different grq^^ps) , one' of the nodes of this link will \ft 

■• - • ISO f - • . ."^^ ' 
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^ ' • Figure 10 



/ 



THE DISTANCE MATRIX AND CRITICAL NODES 



r Oa the upper Ij^t-h^uid comer of this flgui^ Is^ shoim a 
hypothetical aine-menber Ai^vork* To the right of this. Is the distance 
matrix for that, network. The rightiw>8t column of the natrix contains 
the neans of ^ the rova of the matrix. The values in this coluaa are ^ 
thus the mean number of steps it takles that node to reach all othtr - ^ 
nodes The overall meaxi for* the group , together with th^' stil^dard 
deviation of the distribution of. means, is shown below the matrix* 

The network in the bottom left-hand comer is an example of^ 
the kind of situation that occurs when two or more groups are identi- 
fi«i as a a£tngle group. Clearly .^node ^is a liaison between the-two 
groups. The middle r^$t)c^x on the right ^If .<^the page is the 
distance mafe?:ik for thtis. group. Note the relatively high standard 
deviation for this^group» compared to the one above it. 

/ . The third matrix was tSon#tructed after removing node 5.> Note ^ 
^that^there are no values for m^fxy of the elements, indicating that the 
jgrou^jLs no longer Connected. The .means showti for this bottom matrix'^ ' 
are the values that would be obtained if the group' were split In twa, \ 
and the means for each group caiciilated separately. 
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identified as a liaison*^ That node will later be tested for 
the criterion of group membership and if t£*^passes, will be 
returned to one of the groups. . " 

The problem has thus been reduced to one of identifying 
any critical nodes which may exisc^in a group. If there is 
one, it, will be the node with the lowest average distance 
from all other nodes. This i^ because all paths from nodes 
in either half of the group to the other half must go through 
the critical -node. The average distance from any node to 
all the other nodes is given by the average of all the , entries 
in that node's row in the distance matrix. This is illus- 
trated in Figure 10. If there is a set of critical nodes, 
they will be the nodes with the smallest row means. 

The fact that critical nodes have lower row means than 
the other members suggests that there must be some variation 
in the r ow means if there are any critical nodes. We can 
take advantage of this fact if we only look for critical - 
nodes when there is. some variance. It turns out th^t this 
leads to a large savings in terms of computation time. This 
is because of the way we test for critical nodes. 

To check a node 16 see if it is critical, we remove it 
from the gtoup and re-calculate the distance matr.ix. If, as 
a result of the removal, the group becomes disconnected, we 
have found a critical node. If the group is still connected, 
we try the next candidate^, — the node which, of all the re- 
maining nodes, has the ^skallest row mean. We will stop this 
process, after taking out some percentage of the original 
group members (usually ten percent is enough to "catch" all 
the critical nodes) if the grbup continues- to remain con- 
nected. If this happenes, we put all the retooved nodes back, 
into the group.* \ 

It is easy to see that there is (fonsiderable effort in-- 
volved^in searching for critical nodes. This is why the ' 
heuristic devicfe of checking the variance of the row means is 
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so important. In every network that has been examined so 
far, this heuristic has worked correctly. That is, it did 
not prevent any critical nodes from b^ing found. Similarly, 
th^ approach of looking at nodes with the lowest row means 
always finds the critical nodes. The optimum value to use 
as a cutting point for the variance test seems to be about 
0.3 J Whenever the standard deviation of the row means exceeds 
this value, there is likfely to be a critical node. Whenever 
the standard deviation is less than this value, there is not* 

After all groups have passed |:hese tests, the obtaine?^ ' 
classification of nodes to groups and other roles will be 
exact. At this point, various indices may be calculated and 
the results tabled in any convenient manner. A flow chart of " 
the algorithm is shown in Figure 11. 
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CHAPTER NINE 
THE SYSTEMS APPROACH, \gASSICS, AND^^GNA 

'T'he \analytic method introduced here can be viewed from, three 
levels of specificity. First wfe have a general systems approach, 
which specif ies, both some general characteristics of the objects we . 
are interested in and the processes by, which we become informed about 
those characteristics. Second we h^e GASSICS — an arialytic proce- 
dure which specifies what kinds of data are needed and what kinds of 
Operations ought 'tio be done on the data; and finally we have the 
three stages of the GASSICS procedure, isi which explicit and complete 
operatipnalizations are specified. 

The Intent of this chapter is to examine the Jhalytic method 
presented in Part Three at the three levels of specificity and see\j., 
both what is included* at each level and how^the levels relate to one 
another. Then we will relate several different aspects* of the approach 
described here to other analytic methods. A large part of the dis- ^ 
cussion here will be concerned with the comparisons of' speci^c tech- 
niques of i 
procedure . 



niques of analysis in the context of t^e more general. GASSICS 



TtHREE LEVELS OF SPECIFICITY 

* ' / ^ \ > * 

In this section we show' what is included at each lei^r and 

how the levels are related to one another. ' ^ w ' 



The General Systems Approach / ^ * r /y. 

At the lowest lev^l of specificity we have a' 'concern, iEor 
bas?^ fundamental issues:/ What are we ^studying? How 4^ the pro-^ 
cesses involved in "gaining an understanding" work? We st^rt^ed the 
explication in Chapter Three with an analysis of the^f orm of /syste^. 
There we outlined the conceptual model w.e use to or^nize our^deas 
about structure. 



The central concepts Included: 
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- inter/actions, viewed as constraint; - 

-levels, as concepts of description and thus distinction; 

" emergent versus additive properties; and ^ 

~ logical restrict^ions on interactions between systems. 

^ \ 

♦ When we combined these ideas with the processes of observation arid 
^ description, we '^obtained a general ^^ework for approaching complex 
systems. ^ / 

' This general framework suggests t)iat we respect the multiple- 

leveled complexity of systenrs by approaching them in ways that do not 

< 

oversimplify them. That is, research methods should be designed to 
"work in situations involving multiple, ratheit than single, levels. 

Furthermore, the framework suggests that the most fruitful 
^ places to look for an uj^der standing of emergent behaviors . will be in 

the relations between levels of the system. Again, this is a multiple- 
' leveled approach. 

Much previous communication research has been criticized on 
the grounds that follow. ' , . / 

^(1) It has a* "psychological bj-a^." Since the unit of 

response is tli^ individual person, the person has been 
^ the unit of analysis in most communication researc^h. 
This approach completely ignores alL system effej::ts, 
^ which can only be seen in the larger system. ^Not only' 
are system effects ignored, but also the very existence 
of the system is not considered. It Is as if the con- 
* cept of system were completely foreign to people work- ^ . 
ing in the field (^ee Rogers, U975) . ^ ^ 

\ ' - 

While copmunication is characterized as a process, 
most communication research is not process .oriented. 
D^endent variables are isolated and tpeasured at one 
^point in time. Most of the variables that have been 
studied are effects variables. vThis approach, then, . 
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effectively treats communication as a "black box" which 
is studied only ii^irectly, by analysis of its effects^ 

(3) The conceptualizations and operationalization used in 
most communication research demands one-way causal 
relationships. There are ind^ependent variables (causes), 
and dependent variables (effects). This is, of* course, 
the -classical' analytic approach, which denies the 
existence of mutual causal loops. Such loops do not 
fit int9 the model either conceptually or operatiqnally. 

The general systems approach, as it is presented hefe, an- 
swers these objections. ' » 

(1) * There is no psychological bias, because systems are 

viewed both conceptually and operationally' as having 
' mult;iple levels. Although analysis may be at th4^ same 
level from which the data are collected, it c£in also 
' be at"" several different levels. Thus, we Collect data 

describing behaviors' of individual persons and make 
^ statements about the whole system and groups of people 

working together, as well as about the individual- 
people. When speaking of t^e groups and other higher- 
level units, we speak of th^m as unified wholes, rather 
than as collections of Individuals. That is, we speak 
of the properties of the higher level units as units > 
rather than t^e properties of the individuals making 
up, the units. 

(2) In a multiple-leveled systems approach, any given 
phenomenon will look different when viewed from dif- 
ferent leve^. At one leve^ we may have a dynamic 
behavior tllat is observed only as changes over time* 
At a higher level, this same behavior may appear to ^e 

' a structural charafitertstic' of the system. Thus, 
process at one level becomes structure at another. The 



\ 



\ * V , 187 

systems approach respects the processual nature o5 
communication phenomena by starting with data descrip- 
tive of relationships — dynamic processes which occur 
across time. Again, it , is the multiple- leveled para- 
digm that suggests how this is done. 

/ ^ ^(3) The systems approach does not divide phenome,na into 

discrete causes and effects. Indeed, some "variables*' 
may function as both "causes'* and "effects" when they^ 
are parts of mutiml causal loops. There is a whole 



* set of systejns concepts that have been developed / 

/ 

explicitly for these situations. These concepts, in- 
cluding both positive and negativa feedback, are- the 
basis for the science of -control — cybernetics. 
Although the ideas of cybernetics are not discussed 
in this dissertation, they are compatible with the ap- 
proach outlined here. 

The Second Level of Specificity;- The GASSICS Procedure ^ • \ 

In Chapters Four and ^ive we discussed the implications 
of there bei^ multiple levels on the proces8,es of • observation and 
description. One conclusion we made there was that the first step in^ 
the investigatiog^'of an unknown system would be to elucidate the' 
organization of the system — how many , levels are there and what is 
the structure at each level. The GASSICS procedure, outlined at. the 
end of" Chapter Five and discussed in detail iu the chapters of Part 
Three, performs this structural analysis. Once the organization of 
the system is .clarified in this way, the dynamics of th^ system can 
he explored. Only after this entire process has been completed would 
we say we understood the system. , 

The GASSICS procedure, then, is only one step in thfe anal- " 
ysis of systems, and GNA is/only one step in the GASSICS procedure. 

' The GASSICS procedure is an iterative loop that makes 
available , ilciformat ion about the organizat^ion of the system at multiple 
levels. Because of the differences between levels and the relationships 
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between phenomena at different levels, thev^procedure progresses one 
level at a time. The complete application of tWe procedure, w^^th one 
cycle for each higher level, will.be a multiple-level analysis. How- 
ever, during any single cycle of the loop, a maximum of two levels 
will be under consideration. ' ^ 

The key idea of the GASSICS procedure is the repetitive 
looping. Within each cycle a sequence of opera^tions is performed. 
The sequence of operations in a jcyole is. ordered so that the end re- 
sults' of the cycle are .fed back into the beginning parts of the next 
cy^le. This "feeding back" process is- where the new (alternate) 
descriptions are formeSd. It is thus the .strategic move that makes it 
possible* to examine multiple-leveled systems with analytic tools that 
are not unreasonably complex. 

Where the adoption of a systems approach specifies a set of 
conceptual "biases"^ that later determine operational procedures, the 
adoption of ^the GASSICS approach specjLf l^es the sequence of operations 
that must be performed in the analysis. It 'does not, however, specify 
how those" operations are to be performed. 
The Higliest Level of Specificity: The Actual Operations 

At the highest level of specificity we have the actual 
^operations that ate performed in a loop of the GAS'SICS phase of system 
'analysis. Several things happen when we move to this higher level of 
specificity. First, as' specif icity goes up, generality goes down. In 
any of the stages of the GASSICS loop we are concerned otily with a 
limited subset of aspects plated to the system. The organization of 
the entire analytic approach is thus hierarchical. A parallel sort 
of hierarchical problem-solving is seen in day-to-day existence. For 
example, if going shopping is parallel to system analysis, driving to 
the store and purchasing food might be parallel to the GASSICS proce- 
,dure and analysis of the d3mamics of* the system. Gett^^ng in the c^ir, 
starting j:he engine, and so on, would parallel the operational proce- 
dures that make up the steps of GASSlCS. 

.If we have decided to use the GASSICS approach, ye are still 
partly free to decide how to carry out the operations specif ied' at 
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each step. The remaining freedom is evident, for example, in the 
third step — the^ identification of any differentiated units. In 

V 

Chapter Two ve discussed a number of methods which might seem suit- 
able for this purpose.. Given that there were already a number of 
methods available to do this type o£ analysis, it migh.t seem perverse 
to develop yet another method, as we did ixx-^apter Eight. Why was 
this done? ^ 

The other methods were judged to be not suitable for one or 
both of two reasons: either (a) the method did not fit conceptually, 
or (b) it did not work well. 

Rather than using a mismatchej^ method or trying to fix one 
that didn't work well, we started over. This was advantageous for 
40Lfferent reasons. Since we knew the restrictions we were faced with 
as well as the desired analytic goals, we could start with a clear 
conceptual foundation. Right^^ai^ a number'^ of alternative operational 
approaches were eliminated. For example, we chose a linkage method 
rather than a disitance method. Also, knowing what we were looking for 
in terms of groups, we could ^design a method that would find Just 
exactly what we wanted, rather than decide* that we should want what 
the method produces. Thus, with GNA we look for groups with a parti- 
cular set of characteristics. When other methods, such as factor 
analysis, do not include these characteristics, we decide that the 
methods are not matched to our goals. The development of our analytic 
techniques followed the formulation of conceptual goals. 

The problem of getting a method that worked well was not 
so "easy to solve as the problem of getting one that did what we wanted 
it to do. One thing that helped enormously was having pre-defined 
goals — this gave us ^a standard to use in Judging th^ efficiency of 
our methods. We knew what we wanted. If the use of a method did not 
produce the desired kinds of results, that method could be rejected. 
If, on the other hand, .the method did wois|c, we knew we were on the' 
right track. To show hoW this developmental process worked, we dis- 
cuss^ chronologically the history of the methods used in each of the 
steps of the^ASSICS pr^edure in the next section. 



THE DEVELOPMKNT OF TEE ANALYSIS PROCEDURES 

Although the network analysis step of GASSKS comes last in 

the loop, it was the first of the three steps to be developed into a 

sophisticated' tool. At the time it was being developed, data gather- 

ihg methods were more advanced than data analysis methods, even though' 

they were both primitive, compared to what we use now. The problem 

♦ of structural analysis had not even beeYi considered,' and it was three 

or four years until the idea became useful, 

» 

G-Network Analysis; Four Breakthroughs 

In late ,1970 I became aware of the fact that there was no 
fast, easy way to perform network analysis. The method that was used 
TOSt for large systems was matrix manipulation. In 1970, systems hav- 
ing over 200 members were considered to be large. I started to work 
on a computerized algorithm that would perform the matrix reordering 
task. ' ^ 

There were four critical breakthroughs ^during the develop- • 
ment of the current version of the GNA algorithm. These breakthroughs 
made it possible to program a computer to do the work of identifying 
the groups in a very large network, They. are discussed In the next 
four sub-sections; 
1. The First Breakthrough; NETWOW 

The earliest version of the current technique is' described 
in Richards (1971).; The first working computer implementation of ^ 
the method, NETWOW, did essentially what the matrix manipulators 
(e.g., Weiss, Jacobson, and Seashore, etc.) were doing by hand — it 
reordered the rows ani columns of ^the adjacency matrix so that non- 
zero entires clustered about the main diagonal. Although the results 
were similar to thos^ obtained by the earlier investigators, the pro- 
cess by which these results were obtained was different from the ones 
they used. 

^ NETWOW., like NEGOPY, used an iterative procedure which 
treated links as vectors. In each iteration of NETWOW, me^is were 
Calculated just as they are calculated in NEGOPY. In NETWOW, however, 
after the means were calculated they were rank-ordered. The node with 
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the smallest mean was p^5t in row 1; the node with the next-smallest 
mean went in row 2, and so on. This process was repeated ten or 
twelve times. Although it seemed strange to take means of subiect 
numbers, the process worked. 'Nodes that were linked to each other 
tended tobe placed, close to each other in the matrix. The discovery ^ 
Qf this simple procedure was the first breakthrough in' the development' 
of an efficient method for GNA.* • ' ' 

The output of NETWOW was the reordered matrix. Groups were 
identified by hand inspection. " 

A major problem with NETWOW was that it did not identify the 
groups — it just made them easier to s^ot. In the summer of" 1972 I 
began to develop *an algorithm that would actually identify thB groups. 
•I started with tl^e method suggested in Richard£y(1971) . The method 
suggested there was to scan the final list-©f means, looking for 
points at which there were large breaks or ^gaps when going from one 
mean to the next. Grou> boundaries would be located at these breaks. ' 
This method did not worjc. The problem sfeemed to b*ie due to. the matrix 
, representation of the data, 
2. The Second Breakthrough; "Continuous Matrices" ' 

The matrix tecbnique, obviously, uses a matrix. Each node 
has a row and a column. Rowsi and columns are' discrete: . a^l rows and'' 
columns have the same "width."* Since rows are orde#ted the same way 
^s columns, nodes can be represented as poiffts (more correctly, 
segments) along the diagonal.-' In ihe proce^ of manipulation, which 
makes groups visible, rows and colunms are simultaneously permuted* 
This means that their order is changed. Only the order changes — 
the widths o^ rows and coljumns remain the same. ^ 

^ This is^where the sociometric use of matrices diverges from 

the mathematical use^ In matrix manipulation, groups are' visible as 
blocks of non-zero elements along the 4iagonal. This is a graphical 



*The. "width" is not really defined, until the matrix is graphically 
displayed. In pfactice, ,the rows and columns of ink-on-paper versions' 
of matrices are of equal widths. This is a matter of convenience, as 
the mathematical concept of a matrix is concerned only with the actual 
numbers in the rows and columns, and 'not with the way they are written. 



Interpretation of a niunerlcal representation of thoJdata. Xhis gra- 

phical interpretation, would work a lot better if the representation- 

were altered slijghtly so that it would be, a graphical representation , • 

^# 

instead of a niimerical one. The alteration required is a very simple 
one. The "location" of nodes> in the "matrix" has to be changefti- from, 
the discrete ordinal representation of mathematical numerical matrix 
style to an interval or ratio level representation of graphical 'style; 
Let us make this clearer. . ^ ^ ' ^ 

We will call the nuiaerltal ttiathematical martrix with rows 
and columns of unit width ^a "discrete" matrix. In' a "discrete" mitri^, 
nodes are "located" at row 1 or row 2 or row 3, etc.; and never at 
row 1.3 or row^^2.9 and so on.^ Nodes are all one unit away fro^ their 
neighbors. "Location" ' is ordinal only, and order is discrete^ 

In the other kind o^ matrix this is not the case. C^h^l 
this other situation a "fcontlnuotid" matrix. Id is not really a 
regular matri>j, but the analogy works. Ii^ a^ "continuous" matrix,, 
it is as if the rows and column^ jcan have varying "widths."/ Thus 
ther^ can bejjte^s at L-O, 1.2, 1.3, 6,7,^and any other place along- 
a continultQi^^^^Q^wo nodes are^very &lose together^ they can be put^ 
ve^y close- together. In* the -"discrete" .matrix, they must' always *be 

•at least one unit apart. Location, in a ^'contlnud^fe" matrix is an * ^ 
interval value. Although locations can bj( r^mced to^or^^rs", \^ing 
so throws away informatiop. A "contlnuotrs"^nKrix Is -shown in ^ 
comparison. with &^*^iscre.te" one in Figure 1: , , . . 

There are at least twp important differences that result 

.'from, the shift from "discrete"* 'jto "contlnucms." The first is the 

y * 

efficiexicy of ttTe rearrapgipg process, which used t6 be. called ^he 
Vreor4erlng" process. The NETWOW program used a "discrete" matrix. 
Means were Calculated in much. the same way that tHey ate -calculated 
-'In the version of GNA described in Chapter 8. In orderv 
nodes in the matrix after the calculation, ^the ineans were 
and nodes assl^ed to rows and columns on the basi^ of "their ranking. 
The next round 6f calculation^ i^s done using the *ranlc orders -^^ the ^ 
new row and column numbers (see Pilchards, 197l) . •* ' 
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In lA. above, a hypothetical networlc with three groups is 
shown. IB on the next page shows a "discfete" binary adjacency matrix ' 
for the network in lA. Note that the groups are , visible as blusters 
about the diagonal. Jt ^ 

IC, on the bottom of the nepct page, shows a "continous matrix" 
that might be the result of rearranging the rows and columns of the 
"discrete" matrix in B: Nqte that in going from B to C, only the . 
"widths" of columns and rows has changed. In this "continous" version, 
groups are clearly visible as dense clusters along the "diagonal" olj 
thfe "matri^;" 



the 
It 



The "diagonal" of the "continuous" matrix is projected onj^o 
e^M^ segment shown in ID, below C. "^Tuis line segment becomes the 
onHnuum"^ spoken of in the,* text. 
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In the "continuous*' representation » nodes are not assigned, 
to .discrete rows and columns, but rather to infinitely small points 
that can be anywhere on a dontinuum* This is the crucial difference. 
With the "discrete" matrix,-^ a lot of information is thifown away with 
each. rank-ordering, as actual numbers arei replaced by ordinal ranks • 
With the "continuous" form, th^re is no rank-ordering. Nodes are 

"movers" to the points indicated by their means', rather ihan the points 

f 

indicated by the ranks of their means. As a« result, the additional 
information is kept and used. This makes the whole rearranging pro- 
cess work, much fastet — converging to a relatively stable configura- 
tion in four iterations instead of ten or twelve. This- difference in 
efficiency is directly duje to the s^ift from "discrete" to "continuous." 

The second difference resultin^f rom the shift is in the 
"readability" of the final representation, which can clLso be seen in 

Figure 1. In Bis shown a "discrete" matrix for a sample network. 
' 1^ 

The "matrix" shown in C is a "continuous" one. Because rows and 
columns all, have to be exactly one unit wide in the "discrete" version 
of.B, it is much harder to ?ee the groups there than in the "continuous" 
version of C. This is the second- difference due to the shift from 
"discrete" to' "continuous." This shift was the second breakthrough; 
it made it possible to begin work on the algorithm that would actually 
identify the group*. 

It is very important to keep one thing about these "continuous 
matrices" clear: the "location" of nodes in these "matrices**" is really 
quite meaningless as a description of the system. Because of the ^ 
iterative procedure which is used to obtain the final "locations," it 
is not possible to say exactly what the relation between original data 
and final' result is. The final "location" is, however, a valuable 
. heuristic that, when properly interpreted, makes the task of delineat- 
ing groups much easier than it would otherwise be. In the version^ 
o^ the GNA program described in Chapter 8, the "matrices" are never 
Jp drawn out. In fact, they don't really exist at all . They are only 
used as a way of explaining how the program works with the data. 
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The.^ most^ that can be said about them is that they are used as clues 
to give a good guess as to where the boundarie^s of the grou{is*lie. 
3, The Third Breakthrough; The'Groap Identification Algorithm 



While the first two major development^, vector averaging 
and "continuous matrix" 'representation, were fairly "^harp,'" the 
third, the initial group detection routine, waslpi^ch liore • gradual • 
I began with the idea of locating groups on the basis pf the way 
nodes clustered together in the "continuous matrix." The process of 
identifying groups from the matrix is a process of ."digesting" the 
information in the matrix. For a starting point;. ft seemed' to be a 
good idea to look for areas in the matrix that were "diensely packed" 
with n6des. Operationally, it wasn.*t necessary to have the whole 
matrix preserit, since rows and columns were in the. same order. This 
meant that a, single line segment, along which nodes, would be located, 
would be sufficient. Thus, I started to work with the "continuum" 
described in Chapter Eight. As is shown in the botto^ Of Figure 1, 
the continuum is closely related to the imaginary "continuous matripc" 
shown in C. It is, in fact, operationally- equivalent to the diagonal 
of that "matrix." , ' " . / 

The task was then to locate the 'areas of high density along 
the continuum. Because the computer can only consider one thin:g at 
a time, it cannot be told to "look at all the points on the continuum, 
and pkck out the areas df high density." Instead, th^ density at each 
poipxlias to be calculated, and then the densities are examined. 



The first step was thus to- devise a measure of density. I 
tried a succession of methods here. They all used a "window," which 
I would slide down the continuum. I would note the number of nodes, 
visible through the window at each point and use this- number as an 
Indicator o£ density. . 

The *f iri^t question I had to deal with was how to move the 
window. At Jiiow many points should measurements he* mad^l^ Which ^ 
points would' be the best tq measure ?rom? Therel^as no logical 
basis to suggest which method should be ch9sen. 
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1 lodk a practical approach. I constructed a data set for 
a network with a known gr^bup structure.' After computing the values 
for this network's continuum, I tried several methods of moving the 
window. This allowed, me to see hbw each'' method worked, and^to pick 
the^ best one. 'The methods that did not work included cen^tering the ^ 
window at points one 'unit apart and centering it at points one tenth 
of a unit apart. In fact, all methods that moved the window. smoothly 
along the coittinuum were inferior to one that centered it on successive 
nodes. Thi^ is the method that was adopted and the one, described in 
Chapter Eight. '^^ 

The next step was \o analyze the density plot — the result 
of the scanning of the continuum. The initial idea had been that 
groups would appear as clearly identifiable "mounds" on t'he density 
plot. Gaps between mounds would signal the boundaries of groups. 
Although this simple method worked in a fe% very clear cut cases, where 
there were no links between members of groups and anyone not in their 
groups, it was, not^ djependable. The problem was that the window had* to 
be so wide that the density would ncJt drop very far between groups. 
Instead of there being clean breaks, there were only flight depres- 
sipns. This JLs shown in Figure 2. The cause of the problem \was that ' 
at the end of a group; several nodes would be visible thr9ugh the 
window. These would be the nodes just passed earlier in the group. 
At the beginning of the next" group several nodes would also be 
visible — the nodes later in the groups Thus, the density would not 
drop through the transition from one group to the next. 

If the width of the window was descreased, the density would 
go to zero between groups, but it: would also go to zero in the middle 
of some groups. The solution to the problem waa based on. the fact 
that *al though the number of npdes might not change when going from 
one group to the next, the nodes -themselves would be different. In-v 
stead of being nodes already past,, they would be nodes yet to come. * 
That is, when leaving group A, the nodes being counted were members 
of ^roup A, an^ ve||f in the left half of the window. When entering - 
^fbup B, thje nodes being counted were members of group B, and w^e in 
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Figure 2 ^ 
DIFFERENT WAYS OF CONSTRUCtING THE DENSITY. PLOT 

In A is shown what was expected of the density plot • Gruops 
are clearly separated by 'distinct breaks in the plot. 

B shows the density pJLot actually obtained by plotting the 
number of nodes-visible tl^rougK the window. (Compare this plot to 
the one shown lij Figure 7 of Chapter 8.) Note the gradual depressions 
between the mounds of the plot. It is difficult to say exactly where 
dne group ends and the. next begins. 

In C a plot obtained by counting separately the number 'of 
nodes visible in ^each half of the window-^s shown. I^ote the, extreme 
clarity' of the groups, as compared to B abpve. Note^also the large 
shifts betweea groups, as in the transition Irom Group 2 to Group 3 
at points X and Y.. * ' / 



the right half of the windawl In the middle of the ^ group, visible 
nodes would all be from that group, and would be on both sides of the' 
window; This was the basis for the shift to the method of separately 
counting the numlper of nodes visible in each half of the window. , The 
result of this shift is shown in Figure 2 in this, chapter, and also in 
Figure 7 in Chapter Eig^it. 

The final step in the group detection phase is to draw the 
actual boundaries of groups, I had originally thought that gaps be- 
tweeti groups weuld be clearly visible and^jiseful as indicators of 
group boundaries. The problems with this assumption were already 
discussed. It was possible, however, to take advantage of the extra 
information contained in plots like the one shown in Figure 2C. Here, 
it is not. only the low -densities that mark group^oundaries , but also 
a shift in the set of nodes being counted. This appears on the plot 
as a shift from s.everal X*s below the line to several above the line. 
This can be seen at points x and y on the plot in Figure 2C. The 
method^ of drawing group boundaries described in Chapter Eight was 
based on this approach. I regard the development of the group detec- 
tion routine as the third breakthrougli, in the work on the current GNA 
algorithm. - ^ 

4. The Fourth Breakthrough; The Exact Criteria ^ ' 

' At this point I began to test the algorithm with real data. 
I discovered that the "groups" the method identif ied^vere really 
quite poor guesses. For example, in many cases tl^B would be nodes 
imbedded iji the middle of groups when there were not connections be- 
tween the node and the members of the group. In other cases, there 
would be two or three groups all lumped together into one cluster. 
Sometimes, one group would appear as two or even three clusters. 

\ These problems were all due to the ineleganpe of the method 

that was used to obtain the groupings. The source of the problem 
ds in the statistical behavior of the mfean u^ed in the Vector averag- 
ing process. Two entitely different se^s of numbers can have the 
same mean. 



\ 



200 

■ ^ \ r , 

^ In order to compensate ^or these difficulties, it was 
necessary to develop .some strict logical tests that would locate^ in- 
cor^rect groupings and correct them as they were found. This was the 
spur that led to what I consider to be the fourth breakthrough — the 
development pf both the criteria forygroup membership and the e^Cact 
specif ication -of network roles.* ^ 

^ Ttie analytic procedure thus has two phases — an inexact,- 
"tentative" one and an exact final one. The first phase includes 
both the interative vector-averaging process and the window-scannihg 
density^analysis group-detection process. The second phase 'involves 
the application of the 'strict logical tests of the various criteria 
for, group membership and other network roles. 

The two phases cannot be used separately, since each per- 
forms only part of the analysis. The fiist produces results which 
can be used as inputs to ^ the second, but which ar.e not useful for 
any other purpose. The second will not work without the information 
produced by the first. Together, the two phases make up a powerful 
procedure which extracts much of the information contained in the 
structure of the system being analyzed. 

Data Collection Methods; All Links Are Nqt Equal ^ 
The development of the/techniques used in the other two 
steps of the GASSICS loop took an entirely different path* Data 
collection methods started rather crudely, with instrumental questions 
like 'Vho do you talk with?" This simple question was soon modified 
by the addition of content qualifiers — "Who do you talk with about 
job-related matters?" When it was realized that greater precision 
in measurement would (hopefully) lead to better results, the question, 
was changed from^the pimple bin'ary we-do-or-we-do-not-talk to a 
question that allowed several levels of interaction to be coded. 
Thus, ijespondents could indicate 'that they talked once a month or 
less,, once a week or less, and so on. 
i. Nominal Binary Approaches 

Throughout the 60s and early 70s', the additional frequency 
^ information was used mainly to give the investigator some extra 
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*See Chapter Eight. 
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options.. Even though more than simple binary information was avail- 
able, most analyses were done with data that had been reduced to binary 
form. Investigators would "typically do an analysis using only links 
that occurred once a week ot more, or once a day or more, and so on. 
With this scheme, then, links abovfe the chosen '^cutting point were^ 
kept and links below were rejected. All links <hat were kep^ ^f?^ 
treated as if tHey had the same strength. 
2. Greater Precision: Ordinal Strength Indicators 

In 1973 I modified th^T^GNA algorithm and the NEGOPY program 
\so that they would take link strength ^n to account. -Thus, the present 
version works on the basis of amount of linkage, rather than simple 

number of link&. With this version, for example, it would take two 

\ ' j 

links, each with a strength of 2, to be the equivalent/of one with>^a 

y \ 

strength of 4. This approach, therefore, retains and -uses t;he extra 
information that is thrown away when the data are reduced to simple 
binary form. ' / / 

Extra precision was added in yet another exjtension of the 

' - f\ 

"all links are not equal" philosophy'^ when the algprithm and computer 
program wer^ modified to consider. not one but twd indicators of link 
strength. The fitst measurement instruments\t:6' incorporate this 
feature opefatioji^.Xied the, second indicator as. :lmpbttance . In the 
anal'ysife' stage frequency and importance wo»ld Ije combined in some pre- 
det^tmined^^wajr by^ the ptogram to give single' index4( of link strength. 
3> . Still '^oi:e,,Preclkion: Rat io-leye lr indicators 

V > ." "^i — :i ; 1^ : ; 

^V; - The final modification in. the direction of ^greater precision 
was f |Lr:.st^:used by Monge and" his colleagues at San Jose State 'Univer- 
sity. They replaced the discrete category system for coding freqifency 
of interaction with a continuous indicator. There are two versions 
of continuous' frequency reporting. The fir st. asks "How many times?" 
In some staiylard time period t^he respondent interacts^ with others; < 
the second asks for estimates of total. duration of interaction — 
"How many hours do you spend, in a typical month intecd^ting with 
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Since bQth continuous measures are direct ratio estimates , 
of Interaction time, they can be'^used in anaj.ysls as they arl£, with' 
TkO additional transformations. 

At the time of this writing, none of the^metho^ l^ave^been 
tested empirically for reliability, or crosjs-method cons|,stency • 
St ructural' Indicators ' . . 

The Idea of structural measures w^s first conceived after, a 
large number of networks had been analyzed using f the NEGOFY program. 
With many datasets, the program should no^ be able to break the system 
down IntS groups, unless either weak links or ux^reclprocated links 
were excluded from the analysis. (This suggest^ that weak-and unrecl*- 
procated links are less reliable than stronger ,|^^eclprocated ones.) 
With many datasets, then. It waV necessary to submit several runs be- 
fdre the results would be useful. ^ ^ f ' ^ ' 

It aeemed that. If a heuristic measure of ^structutlng woul4 
be applied to the data before any network run,s were done, ±% would 
• be possible to predict vdiether or, not there -i|puld be ax^'dif ferentla- 

i 

tlon into groups. This would save a lot of time and money, as network- 
analysis woi^ only be done on data that warranted the effort. This 
was the spur that led to the development of the structural measures 
described In Chapter Seven. ^ . * - . i 

It would be go|)d to l[e able to "report £hat the structural 
measures have been used and- found to work as expected In a. Variety of 
situations. Such a report ^ possible, but with q^ualif Icatlons . 
The main limitation is thal^ the statistics weife worked -pixt on^^v 
recently (see Rlchardlffi 1974), and programmed even mo^iB-recetltlx: 
(within the last two months) . Four networks were analyzed using this 
version of the program and the measures did wbrk^as^.^xpected. ^ 

One of these four datasets was run ttir^e times ,-wXt:h suc- 
cessively stricter limits on weak and unreciprocated llnks^ As more 
and more of the less reliable links were excluded from analysis, the 
structural measure reached higher and higher ^values, as would be 
expected. It is Interesting and sl>gnl£lcant to note that separate 



214 



203 



measures of structure — the percentage of links explained by group 

bdjUndaries and group densities both increased in parallel with 

the structural ;neasure in this manipulation. Therefore, the measure 
proposed in Chap.ter S^ven appears to york as expected^ at the same 
time that it is supported by other independent measures of the sa^e 
general concept. 

Although the GNA technique, as. limplemented in^he NEGOPY 
program, is embedded in' the GASSICS procedure, it has not yet been 
used in that context. The most complete studies ^to date have only 
gone one loop/^hrough the cycle, with the structural calculations 
coming last, rather than second. It seems that, as the structural 
indicators become better understood, they will become a more inte- 
grated part of network/systems studies, t 

Finally, as the remaining theoretical and methodological 
problems (discussed in Chaptelf'^Jleven) - are solved, there will be 
studies done using two or- three cycles of-the GASSICS loop. 

In the next chapter*we present an example of a study using 
one complete cycle of the GASSICS loop. 

-V • . ■ . - ■ . ■ • 



• If 



i 



211, 



PART IV: RESEARCH 



CHAPTER TEN ^ ~ 

USING G-NETWORK ANALYSIS IN RESEARCH 



The goals of this chapter are to give the reader some idea 
of the kinds of systems tKa,t have been studied, to indicate in detail 
the structural characteristics of a fairly typical network,, and to 
show how some researchers have attempted to 'relate network variables 
to other phenomena. We do- not attempt to test any hypotheses?. It 
seems that a familiarity, with the kinds of things that are found over 
and over again in networks is necessary bi^fore theory is advanced and 

tested. . ^ ' 

, ^ ^ « 

Putting the description of the example network into *the con- 
text pirovided by the analysis of several other cdtaaunication networks 
enhances its value as a represetitative example. This particular net- 
^^y^ork was chosen both because it was representative and because it 'was 
'Veil-behaved." Both of these characteristics are desirable in an 
j^xample. 

THE ORGANIZATION OF THE CHAPTER 

The rest of the chapter is divided into three sections. In 
the first, several communication ne)twork analysis projects ate re- 
viewed In order to give some idea of the uses to which the /NEGOPY pro- 
gram has been put. A second function of the review is to ^ive back- 
ground information about the networks, some of i^ich are used in ^ 
cross-network comparisons i£ later sections. 

In the second part, a medium-sizeJ communication network 
(the- Melbourne network) is examined using the techniques described in 
the chapters of Part Three *of this dissertation. An examination of 
the amount ' of stifucturing of the system, using the concepts and opera- 
tions despribed in Chapter Seven, begins the analysis.. Next comes an 
examination of the organization of.^he syst^i^, in the terms outlined 
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the cross -network comparistJns in the next section. \^ 

1> The Chase Studies* 

Three datasets were gathered at different time periods, in 
different units nskf Chase Manhattan Bank« Althopgh these studies were 
done mainly to provide infbrmatiou^ to the management* of the Bank, they 
are of interest to the scientific community at large. The results of 
these stud4.es have^ot been published; ho\^ver, MacDonald 
(1970) has written a manvscript which discusses the application of 
network theory in the organizational conte^^t. Some of the character- 
istics of the largest of the three networks are also summarized by 
Farace and Johnson (1974). In t+lis study, persons were asked— trTlLndi- 
cate how often they talked with other people in their part of the 
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xn Chapter Eight . Here we identify the ^subsystem, structure of the 

network by -applying the ^NA algorithm to the data, ilie results are 

then examined from a systems poknt of view, which stresses the impor- 

.tance of the relationships amoiig the parts at each of several levels ^ 

fot analysis. ^ > ^ 

An important part of the analysis in this section is the 
comparison of the results from. the Melbourne study to the results ob- 
tained in several of the networkls 'describe^ in the first section. With 
these comparisons it is possible to get some idea of the kinds of 

patterns that are repeated in a variety of systems, of different types , a 

and different sizes. > 1^ 

The third section discusses some examples of work that bas 
been done in relating network variables t-o other phenomena. The \ ' ' 

studies examined here are a subset of the ones used in the earlier ' 
. comparisons. * . 1 . 

REVIEW O F SELECTED NETWORKS, / ^ v • ^ ' 

^ ^ ' / , V ^ 

Several networks have be^n st^udied with the NEGOPY program 

since it was first developed in the early i970s. Brief desdriptious ^ 

of some of these studies make up the rest of this section. .A ***** by 

the description head indicates that data from the study are used in 
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'bank. Communication was brok^n-^wn into three content areas: Produc- 
' tion. Innovation, and Mai5tena9ce. 

* Product ion was defined 4s commuaipat;Lon related to getting 
• ^ *. • * ^ ^ - • 

th^ job done. This category ^would be c&nceptually close to the trradi- 

ti^ai ideas ot ''fomial" Communication.* Innovation comnun'ication was 



concerned witTi changes in' organizational procedure and new w^s of 
doing things. Main^;enance communication is devoted to social maintenance 
functions and is' conceptually similar to* the "informal" communicati*on 
often seen in the literature. ' ^ . * 

Because of the size of the system '(N«=?973) , it was fett that 
a roster format (seev^apter Six) woald be too long. Data were thereV 
fore gatlier^d with open-endefd recall techniques. -Because of dif fsljnUr/-^ 
^t^s unique to tl»e recall method (i.e., forgotten .names , failuYe to 
rep^mbe?' all the communication contacts, etc.), there were* many diffi- 
culties with .the data. The number, of isolates was high in this study ^ 
(-prob^l^ at least partly due *o the use of*<he r^^ll metfiod) arid the 
level of reciprocat/oaaras very low. NoneX^i^ess, fefie study provides 
some valuable insight^ to the nature of communication^ networks in very 
la^ge 'systems. ^ * ' i 




2. The OCD Studies* 



Tw^ datasets were -collected a year apart in^the Office for 
Civil Defense in the Pentagon. ^This studv^sed the , same method for 
data Collection that was used* in the Chlise Studies, .^r^ again,- the 
Production/Innotfation/H^intenance "Breakdown Ws used. The results are 
reported in an unpubj.ished manuscript by Bferlo, Farace, Monge, Betty, 



and Danowski *(1972)^^^^d summarized^briefiy, inj^aracfe and Johnson (1974). 
3.' The Treasure Island Studies^ 



Working as^an Office of Naval Research contractor, Monge has 

■* • ' 

been stud^^g the development pf. communication structure iji military 
organizations.- His data come from a naval base located on Tjeasur^ 
Island in the San Francisco Aay. Together with his colleagues, MoAge 
has been attempting to develop andfvalidate causal models relating 



several organizational variables to one another. One subset of these 
variables contains indices of several network characteristics at 
'different levels of aiicilysis. Another important aspect of this work 
is the use of mor^ sophisticated approaches to the measurement of 
link, strength: Morige wa^J' the first to use absolute number of intlfer-^ 
actions and then total interaction duration. In place of a simple 
frequency category system. This work is reported in Monge, Kirste, 
and Edwards (1974). One of the networks from thj,s study is used in 
the comparisons in the next section. 

4. The Naval Studies 

Two goals were identified for the research program of Roberts 
and O'Reilly: (1) '\ ... to find and adopt a general framework to 
guide research in organizational communication " and (2) " ... to 
begin to identify coimnunication variables within each observational 
level which might be inter-related ultimately and then related to 
other important organizational behaviors within ^ch level. Across 
level relationships might then< be explored profitably" (1975 a, p. 2). 
Summing up their theoretical rationale, Roberts and O'Reilly say: ' 

Looking back to our framework, and the criteria 
adopted for specifying social systems it was npw 
necessary, to define communication stiMctures which 
might later be related to processes; such as per- J§tk 
ceptions about communication dysfunctions; the 
relationships of those perceptions to other resj)onses 
such as job satisfaction ^and performance; and the 
relationship of communication processes to charac- 
teristics people bring with them to their jobs, 
such as personality, etc. It was also necessary 
to examine shifts and stabilities in structure over 
time in order to identify organizational regulari- 
ties and d'^ynamics ... it was felt that communication 
structures should be identified at the individiial, 
group^ and organizational levels^ before returning ^ 
to each level to investigate relationships of struc- 
tures to .^nt&cedents and to process re spons es. 
(197i, p. 6) \ ~" 

The respondents in this study were officers and enlisted per- 
sonnel in three high technology military units. Data were collected 



21^ 



208 

three raonchs after the units were conimissioned and again one year 
later* In both phases ,ijespondents were given a sociometric survey 
which was designed to tap several networks: (1) an expertise network 
— "when you need technical advice doing yo^r job who are the 
persons you are mo§t likely to ask?"; (2) a social network — 'S^ith 
which persons In this squadroh are you most likely to have social 
conversations, (not work related) in the course of a work day?"; 
(3) formal authority — "if you are upset, about something related to 
the Navy or to your job, to whom in the squadron are you most likely 
to express your diss^isf action (gripe) formally?" (Roberts and 
O'Reilly, 1975a, p. 9)/ 

Respondents provided the nam^ or a description (later turned 
into a name) of the relevant persons appropriate to each question. 
Both communication frequency and communication importance were indi- 
cated for each contact. Roberts and O^Rellly ^1975a, p. 10) mention 
that the recisdl technique they used cause some problems. They suggest 
that a roster-type instrument would give better results, but that this 
approach could not be used because of the size of their organization. 

Data from the sociometric questions were submitted to the 
NEGOPY program for analysis, ilesults were examined for three kinds 
of information: (1) descriptive communication structure ~ what do 
the comnunication networks look like; (2) relationships among the 
various 'structural characteristics; and (3) relationships between 
network/structurdl variables and other behavioral and attitudinal 
variables. Some of their findings are described in the last section 
of this chapter. 

Discussion 

Fast, reliable methods of performing network analysis are^ 
new. There has not yet been enough time to develop complex models 
relating network variables to other phenomena. Before this more ad- 
vanced work is even begun, it is necessary to become familiar with 
communication networks themselves, independent of other considerations . 
We agree with. Roberts and O'Reilly when they say " ... communication 
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structures should be identified at the individual, group, and organi- 
zational levels, before returning to each level to investigate rela- 
tionships 6f structures to antecedents and to process responses^' (1975a 
p.6, italics added). 

In the next section of this chapter, we focus on communica- 
'tion structures at the different levels suggested both by our theore- 
tical perspective (Chapters Three, Four, and Five) and by Roberts ^and' 
O^Reilly, among' others. 

One network analysis is clearly not ^ough to give us the 
kind of familiarity with communication networks that we would like to 
have. In the limited scope of this chapter, however, one ne>twork 
analysis is almost. too much, as the details seem to defy attempts to 
gain a gestalt understanding of what the system is like. The only 
response we can offer is that it must be realized that we are working 
with complex multi-leveled information processing systems, and not a 
-single independenj: variable-dependent variable pair. Complex systems 
have a disturbing tendency to be complex. It must be realize that> 
while parsimony and elegance have a certain attractiveness, they are 
not always possible. 

With these comments in mind, we move on now to an example 
of network analysis using the NEGOPY program. We have made one con- 
cession to ^the call for meaning — we have attempted to put the results 
of the sample network (the Melbourne study) into the context provided 
by several other analyses. After the discussion of structural charac- 
teristics in the next seption, we attempt to give some idea of the 
kind of relationships between network variables and other variables 
that have been examined. The descriptions in this last section are 
just a sampling of the several studies that have been done; however, 
they should serve to give some idea of the nature of this research. 

AN EXAMPLE OF NETWORK ANALYSIS; THE MELBOURNE 'STUDY 
1. Background' 

In June 1973, the Director of the Deparmtnet of Agriculture 
in Victoria, ,Austl:alia, authorized a study of the communication netwo)?ks 
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that were operating within the department • This was done^in order to 
"determine the actual patterns of communicati-on that occurred between 
the officers who were principally involved in decision making in the 
department" (Russel, 1974 , p. 1)/ The^pattment had offices in 
Melbourne, Burnley, Werribee, Glenormiston, Horsham, Bendigo, Dookie, 
and Warragul — all cities in the State of Victoria. The 8 tifdy. In- 
volved 261 professional and administrative officers, each T>^which 
was asked to complete a questionnaire dealing with his usual comnuni- 
cation contacts. 

Each officer was asked to indicate "which officers he com- 
municated with about each topic area, and how frequently he comunicated 
with themV (Russel, 1974, p. 2). There were four topic areas: 

(1) Administration — communication about new and current 
administrative instructions, policies and procedures, 
finance or staff matters, and industrial relations. 

(2) Technical Agriculture — communication about the respond- 
ent's own and related fields of agriculture, economics, 

^ ' food technology; or veterinary science,, includljag com- 

munication about technical aspects, interpretation, 
farming and farming practices. 

(3) Training — ^communication about training needs and op- 
porttmities f or ^^he respondent or other offices, includ- 
ing workshops,, conferences, refresher courses, study 
tour<3, and study leave. 

(4) Work Planning — communication about planning and manage- 
ment of research or extension projects. 

y • 

Frequency of 'communi^cation' was divided into the following' 
categories: . * ' 

1 « Usually once a day or mor'e 

2 « Usually once or twice a week 

3 « Usually once or, twice a month 

4 « Usually once or Jtwice- every three months 

Each respondent was provided with a list of all the officers in the 
study with places provided for responses for^each/pf the four topic 
areas. All the respondent had to do was write in the appropriate 
frequency in the proper places. 
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The data reported here are for the technical agriculture 
network ^ which had the least relationship to the formal hierarchy of 
the organization. It was felt that this would give a better idea of 
how networks that are free to organize themselves are structured. 

2. Structural Analysis ' 

In this section we perform the analysis described in Chapter 
Seven. The procedure is straightforward, although the computational 
methods are complex. 

(a) L, and C. We begin with the basic system parameters. 
There are 261 nodes and 439 links. This gives a density ofO.DlS, 
using Equation ifl (all equations are from Chapter Seven) . 

(b) s|, S^, and the distribution of H^a. The next step is 
to exalhiine the distribution of l^^a to see if there is more or less, 
variance than we would expect with a normal distribution of links. 
Calculation shows an observed variance, Sq, of 11.09. This is greater 
than the expected value of 3.32, given by Equation #5. The difference 
gives an F of 3.340', which is significant at' p<0.01, with degrees of 
freedom Of 260 and 260. Because the variance is greater than expected, 
we use the equations that control for the distribution of i^^s in all 
further calculations. \ 

(c) Te, z, Tm .Z, and Tq. Using Equation #7, which controls 
for the ^i's, we calculate the expected number of triangles, Te.il» to 
be 11. Equation #10 gives a maximum T for this distribution of i^^ a 
of 847. The observed T was 273. With Equation #12 |e find this, gives 
a relative structuring of 0.313, where 0.0 is random chaos and 1.0 is 
total constraint. (The values described h^re are shown in Table 1.) 

We conclude that .the system is non-rjandom. Therefore, the network will 

be examined for differentiated parts. 

« . -• ' 

• ^ ' ^- ^ " 

3. The Nej:work Analysis 

A 1974 versMn of the GNA program was used to analyze the 
data reported here. VThe control parameters of the program^ were set as 

follows: / ^ 

/ 

* ,> 
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Table 1 

STRUCTURAL ANALYSIS-DF THE MELBOURNE NETWORK 



% 

•A 


EQN#** 


Value 


Description 


KL'' T 




4 Ji7 


numoer ot links 


1 >*> *> ij 


/ 


O/'O 


ntu&Der or aireccect llnlcs 


N 
n 




Number of nodes 


I 




3.364 


Mean of £. 's * 
1 


c 


1 


1.294X10 ^ 


System density 




A 
*4 


9 1 AAY1 






2 


6.3446 


Expected T, given N ^and L 




3 


2929290 


ilaximum T, given N 




5 


3^320* 


Expected variance In given N and L 




6 


11.090* 


> Obseryed, variance in %^ 




7 


10.96 


Expected T, - given 




8 


' 4060 , 


Maximum T, given N and L 




10 


846.67 


Maximum T, given ^j^*s* 


To 


* 


273 


Obiserved number of triangles 






30 


Minimum number of nodes that could 
have 431 links 


S 


11 


"0^.0658 


Structure, given N and L ' 




12 


0.3135 


Structure^, given N and ^^^^ 



♦Observed differs from expected, significant at pcO.Ol (F-test, df-260 
and 260) 

**A11 eqbation numbers are' from Chapter Seven. 
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' — add links to forp^ reciprocation 

•-- consider links to belnon-dir-ected ^ . 
~ cQmpute four iterations of vector averaging 
~ use a .2-unit-wide window for scWning in group detection ^ 

^ — use a sensitivity ratio of 100 in group detection 

— raise raw link* strength values to thevthird power in 
ordef to approximate, ratio scaling ^ 

use a 50% criterion for group membership 

The Network; Basic Finding^ 

The results of the network analysis are summarized" in 
Table 2. Some of the numbers ther^ should be pointed out. 77.8%* of 
all 261 nodes were participants. This is considerably higher than 
the average percentage of the other networks which are compared in 
Table 3. 86.8% of the 190 participants were members of 28 groups. 

Gross Comparisons With Other Networks 

The Melboiime network is compared with se^ven other networks 
in Table 3. Three of those networks came from a divisipn of Chase 
Manhattan Bank in Nfew York (CMB) and three came, from a dataset^ col- 
lected from regionat. district^ of the Office for Civil Defense (OCD) . 
In each of these organizations, data wer^ collected on three topic 
areas: >productio^, . innovation, and maintenance.' "Production" communi- 
cation is communication about job-related matters. "Innovation" refers' 
to c ommur iication about cflianges In organizational procedures, and 
••Maintenance" refers to sociaJL maintenance,^ or informal communication. 
The 'seventh network was collected from a naval installation on Treasure 

Island. ' . ' ^ • 

* » < 

We procjeed now with some comments on the numbers in Table 3. 

■ ' ■ •■ . ■ ' ■ V . . ■ • 

1> The tJuP^ber of Non-participants f 

I^ five of the networks the number of non-participants was 
over 50%. Farace and Johnson (1974) do not explain these high numbers' 
in their paper which reports, the datai When analyzing networks in the 
past, it has been common practice to use the following pro'cedure: the 
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Table 2 

THE BASIC FINDINGS OF THE MELBOURNE STUDY 



' ) 

Non-partlclpants 


Number 


Role 


Number of 
Links 


Links per 
Node 


Z of 
Nodes 


Z of 

Non-participants ' 


23 


Isolate Tl 


0 


0 


8.8 


32.4 


38 


Isolate 12 


38 * 


1 


14.6 


53.5 


10 


Tree Node , 


22 


2:2 


3.8 


\ 14.1 


r"73 


Total 


60 




27.2 


100.0 



( — — » — • ■ — 

Participants 


Number 


iU>le 


Number of 
Links 


Links per' 
^ode 


% of 
Nodes 


% of 
Links 


Participants 


12 


Liaison : 


87 


7.25 


4.6 


11.0 


• 6.3 


13 


Other 


48 


3.69 


5.0 


6.06 , 


6.8 


25 


Total ' 
Linker 


135 


" 5.4 


9.6 


17.0 


13.1 


1'13 


Non-bridge 
group member 


■ 374 


■ 3.31 


43.3 


47.2, 


59.5 


52 


Bridge 

group member 


283 


5.44 


20.0 


35.7 


27.4 


165 


Total 

group member 


657 • • 


.3.98 


63.2 


82.9 


86.8 


.190 


Total 

participants 


792. 


4. 144^ 


77.8 


100.0 


100.0 



» » 
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BREAKDOWN 4OF ALL NETWORKS BY ROLES 

Table- 3 
PARTICIPANTS: ALL NETWORKS 

Participants for each network are broken down, into i 
**A^Linkers" (liaisons and othersTI Group Members." Linkers 

are Subdivided into liaisons and others. Group members are subdivided 
into non-bridges (no. bridge links) and bridges. Under "Linkers" 
and "Group Members" there is a column of totals. Thiis^^iinder "Linkers" 
there are. three columns^; /'l. Liaisons," "2. Others," an^ "3. Combined 
Liaisons and Others." Under "Group, Members" there are "4. Non-bridge 
Members," "5. Bridge Members," and "6. All*Group Members." Column 7 
combines linkers and group members. For each column there are tliree 
numbers: "N" refers to the number of nodes in that category ;/*%T" 
refers to the perc^tage of th^ total network that is in the cate- 
gory; while "%P" is the percentage of participants* that is in the > 
category. For example, in, the Melbourne Network, there are 12 liaisons' 
(column 1), which comprise 4.6% of the total network*^d 6.3% of the 
participantis in the network. _y 

The bottom two rows summarize the tafeie. For example, -the 
numbers in column^2, row K, ,shows that, in'the eight networks studied, 
1.23% of |all nodes, or 50 nodes, were others* While this is 1.23% of 
all^nodes, it was 2.8% of participants. Row L, the bottom row, shows' 
averages across all networks. Thus, on the average, 38.7% of all 
nodes, or 77.7% of participants, were group members. '(Information in 
rows A,B,C,E,F^G computed from Farace and Johnsofi, 1974, Table 1.) 

NON-PARTICIPANTS: ALL NETWORKS ' ' * 

Non-participants for each network" have' been broken down into: 
"1. Isolate Tl," "2. jlsoiate T2," "3. Isolated Dyads, "^and "4.. Tree 
Node^."* Column S^'Sw data for all i^on-par ticipants combined. The last 
column, "Network Total^" has the total number of nodes in the* network. 
This number is equal to the sum of column 5 in this tableland column 7 
in the participant h^f/of this tables Within each- column-, "N" is the 
numb'er..of nodes in that category; "%T" is the percentage of the total 
network that is in the category; and "%I" is the percentage of non- 
^participants that is in the category. For exampl^, in row j, column 1, 
there are 23 Isolates Tl. . This is 8.8% of the total network N, which 
is 261. It is also 32.4% of the non -participant population of the 
network., which is ^1. * ' 

As in Table 3A and 3B, the bottom rows 'summarize the table. 
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Table 3 



Linkers 







1 


Liaisons 


*' 2. Others 


3. Total 






N 


AX 






XT 

1 




N 


AX 


Ar 


A 


iToduction 


154 




32.7 




. 1 2 


2 5 




1 7 '0 




u 

u 


CMB Innovation " 


111 


11.4 


34.5 


4 


0.4 


1.2 


115 


11.8 


35.7 


C 


Maintenance 


■ 69 


. 7.1 


21.2 


12 


1.2 


3.7 


«1 


8.3 


24.8 


D 


Average All Chase 


l'll.3 


11.4 


29. 5v 


9.33 


.933 


2.47 


120.7 


12^37 


31.9 


,E 


Production 


45 


18.8 


22.2 


7 ' 


.2.9 


3.4 


52- 


21.7 


25.6 


F 


"^OCD Innovation 


24 


10.0 


25.8 


1' 


0.4 


1.1 


25 


10.0 


26.9 


G 


Maintenance 


4 


1.6 


6,8 


1 


0.4 


1.4 


5 


2.0- 


7.2' 


h 


Average all OCD 


24.3 


10.1 


lfi.3-- 


3 


1.2 


1.97 


27.3 


11.2 


19.9 


I 


Treasure Island > 


9 


5.3 


S.5 


0 


0 


0 


9 ^ 


5.3- 


9.5 


J 


. Melbourne 


• 12 


■ 4.6 


6.3 


13 


5.0 


6,8 


25 


9.6 


13 .vL ' 


K 


Sum All Networks 


428 


■ 10.52 


24.2 


50 


1.23 


2.8 


478 


11.75. 


.27.0J 


L 


Average All Networks 


53.5- 


9.32 


19.75 


6.25 


1.93- 


2.09 


59.7 


13. 9r 


21.1 



Group Member s 







4. 


Non-bridge 


5. Bridge 


6. Total 




Participants 






N 


%T 


%P 


N- 


%T 


ZP 


N 


XT 




N ■ 


XT 


A 

B 
C 


Production 
CMB Innovation 
Main tenance 


229 
184 
204 


23.4 
18.9 
21.0 


. 48.7 
57.1 
62.6 


75 
24 
41 


77 

2.4 

4.2 


15.9 
7.4 
12.6 


304 
208 
245 ■ 


31.1- 
21.3 
25.2 ■ 


64^.7 
64.6 
75.1 


' 470 
323 
324 


48.3 
33.1 
33.5 


D 


Average All Chase 


205.7" 


21.1 


56.1 


46.7 


27.8 


11.97 


252.3 


25.9 


68.1, 


37I 


38.3 


E 
F 

G 


Production, 
OCD Innovation 
Maintenance 


127 
50 
56 


53,1 
20.9 
23.4 


62.6 
53.8 
81.2 


24 • 
; 18. 
8 


10.0 
7.5 
3.3 


11.8 
19.3 
11.6 


151 
68 . 
64 


63.1 
28.4 
26.7 


74.4^ 

-73.r 

92.7' 


.2'63 
93 
69 


84.8 
38.8 
28.7 


H 


Average All OCD 


77.7* 


58.3 


65.9 


16.7 


6.93' 


14.2 


94.3 


39.4 


80.1 


121.7 


50.7 , 


I 


Treasure Island 


7 


.4.1 


7.3 


79 * 


46.5 


83.1 


86 


' 50.6 


90.5 


95 


55.9 


J 


Melbourne 


113 


43.3 


59.5 


'52 


20.0 


27.4 


165 


63.2 


86.8 


190 


77.8 


K 


Sum All Networks 


970 


23.85 


54.8 


321 


. 7.89 


18.1 


1291 


31.74 


73.0 


1769 


43.50 


L 


Average All Networks 


121.2 


26.0 


54.1 


40.1 


17.53 


23.6 


161.4 


38.7 


77.7 


221.1 


50.2 



7.. All 



[contd. ] 
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.Table J* 
(contd. j 
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C. Non-participants 












1. 


Isolate 


Tl 


2. 


Tqo 1 flt'p 


T2 

X^ 


3. 


Isolated 


Dyad 




— & . . — . 




%T 


%I 


N 


2T 




N 


%T 


%I 


A 
B 
C 


Production 
CMB ^ Innovation 
Maintenance 


2/4 
379 
393 


28.1 
28.9 
40.4 


54.4 
58.3 
61.0 


174 
131 


13.4 
17.8 
15.5 


29.8 
26.8 
23.4 


44 

40' 
42 


4.5 
4.1 
4.3 


8.7 
b.l 
6.5 


D 


Average All Chase 


348.7 


35.8 


57.9 


158.1 


16.2 


26.7 


42 


4.3 


7.1 


r. 

h 
r 

c 


rroc4uction 
\j\ju innovation - 
Maintenance 


12' ■ 

8V 

93 


5.0 
37.2 
38.9 


.33.3 
61.0 
54.7 


21 
3(5 
45 


8.8 
15.1 
18.8 


^ H . O 

26.5 


2 

8. 

16 


0.8 
3.3 
6.6 


5.5 
5.5 

9.4 . 


h 


Average Ail OCD 


64.7 


27.0 


39.7 


34 


* 14.2 


36.5 


8.7 


3.6 


6>8 


I 


Treasure Island 


59 


■ 34.7 


78.6 


15 


8.8 


20 0 ' 


0 


^ 0 


0 


J 


MelbournfK 


23 


8.8 


32.4 


38 


14.6 


53^ 


0 


0 


0 


K 


bum All Networks 


1322 


32.5 


57.6 


630 


15.5 


27.4 


152 


3.7 


6.6 


L 


,Average All Networks 


165.2 


29. OJ 


50.47 


78.7 


13.2 


32.9 


19 


2.95 


5.2 






C. Non-participant 


s [contd. 1 


Network 
Total 












4. 


Tree Node 


5. All 










— J 


N 


%T 


%I . 


N ■ 


%T 








A 
C 


Production 

kfT\ T .sit 

CMB Innovation 
Maintenance 


35 
57 
58 


3.6 
5.8 
6.0 


6.9 
' 8.8 
9.0 


503 
650 
644 


51.7 

66.6' 

66.2 


Q 7 

07 
J / J 

973 








D 


Average All Chase 


50 


5.1 


8.2 


599 


.61.6 


973 








E 
F 

G 


production 
OCD innovation 
Maintenance 


1 

13 
16 


0.4 
5.4 
6.6 


2.7 
8.9 
9.4 


36 
146 
170 


15.0 
61.0 
70.9 


239 
239 ' 
239 . 








11 


Average Ail OCD ^ 


10 


4.1 


7.0 


117.3 


49.0 


239 








I 


Treasure Island 


1 


0.6 


1.3 


■ 75 


44.1 


\ 170 






J 


Melbourne 


■ 10 


3.8 


14.1 


71 


27.2 


261. 








K 


Sum All Networks 




4.7 


8.3 


2295 


56.5 


4067 - 








L 


Average All Networks 


23.9 


4.02 


7.64 


286.8 


50.3 


508.4 
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tirst submission to the computer usually includes all links. With ^ 
many petworks, the program produces either a very lar^ number of 
'^^^^a^hers'- or else one. single group to which everyoite>>j|^tonM. Neither 
01 tti^e outcomes are 'considered desirable. In order to obtain results 
in wtiich most cpkrticipants are members of relatively small, "clean" 
groups, weak links and linreciprocated links are^ dropped from the anal- 
ysis. In the colirse^of dropping these links, which are thought to be 
unreliable, many i nodes are stripped pf most or all of their links. 
This is probably ^the reason there are so many^ non-participants in these 
networks. Until "the data collection methods are carefully studied, it 
will not b6 possible to understand the implications of , dropping veak 
and unrefciprocated links.* 

The Melbourne network had only 27% non-participants, which 'is 
the second-lowest percentage of all the networks compared here. None- 
theless, it seems surprising that this many individuals would be so 
isolated from the rest of the system. The data that are available give 
no clues that could suggest why'^so many nodes are non-participants. ^ 

2. The Number of Liaisons,, and Others 

Ohly 6.3^ of participants in the Melbourne network were liai- 
sons. This can be compared to the much higher percentage of the Chase 
networks (average » 29.5%), the OCD networks (average = 18.3%), and, 
to a lesser extent, the Treasure Island network (average = 9.5%). , 

*Farace and Johnson (1974) report breakdowns, by percentage of all roles 
in their networks. Because so many non-participants ^were found in 
their networks^ it was felt that it would be useful to report break- 
downs of linkers, and 'group members as percentages 'of participants, 
rather than as percentages of the whole network. When this is done, 
the variation in percentages within roles across networks is much 
lower-, as can be seen in Table 3. Fdr example, group members com- 
prise frofc 21.3% to 63.2%' of all nodes, but only 64.7% to 92% of par- 
ticipants. ' ' 

Throughout the discussion of this chapter, most percentages 
and comparisons are made in terms of the number of participants or 
the number of participant-participant links. To insure clarity, how- . 
ever, it will always be noted wh^-ch context is being used; unless it 
is obvious". * ^ 
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inis difference as probably due to the fagt that the individuals in the 
Melbourne system work in geographically separate areas, while both the 
„ Chase and UCU networks were from organizations that were totally con- 
tained in single locations. 

3. The Number of Group Members 

The proportion of nodes belonging t^ groups was higher in 
the Uelboume network (63.2% of all nodes) than in ^any other. With- ' 
the exception of the OCD production network and the Treasure Island 
network (50.6%), no other network even comes 'close.' These itumbers 
should be qualified, however, with an awareness offithe numbers of non- 
participants in the dther netwoT:ks. When proportions are calculated 
for participants only, the differences between highs and lows are much 
smaller. Here, 86.8% of Melbourne participants we'^e members of groups, 
with the Chase networks averaging 68.JL% and the" OCD networks averaging 
80.1%. 

t 

4. The Number of Bridges and NOn-brid^ es 

In both the Chase and OCD networks^, most group members did 
not have bridge links to members of other groups. In most cases only 
one group member in five had any bridge linksV' In the Melbourne jie^t-^ 

wor, the ratio of non-bridge to bridge was about two to one. In other 

/ 

^words, one out .of every three group members had bridge links to other 
groups. 

. The Individuals^ in the Network and Their Links 

In this section we describe tl^e individuals ^n the network, 
in terms of their TlTinkage patterns. We begin with Table' 4, whi^h 
shows "how many links each type of participant has. From this ta^ble 
it can be se'en that role types differ marlcedly along ^^^^ dimension. , 
Liaisons have the most, followed >y group members with bridge links 
and then group members who do not have bridge links. 

Table 5 shows a similar comparison of roles across several 

\ 

networks. The main difference between the Melbourne network and ^the 
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Table 4 

THE MELBDURNE .NETWORK: 
THE. ILINKS OF^ PARTICIPANTS 





■ ^ ■ . 

Number of Links by Roles: ' Participfints \ > 


Grand 
Total 
LinKs 


Group 
Non-bridge 


^^^ers 
Bridgrf 


Total 


Liaison 


^Inkerd 


— » 


A 


Number 


. 374 


283 


6^7 


87 


:::ai:her 

48 


Total 
1^ 


792 


B 


Percent 


47.2 1 


'^35.7 


82.9 


11.0 


6.-06 


17?0 


100.0. 


C 


Per node 


~ 3.31 


5.44 


3.98 


- 7.25 


3.69 


^-574- 


4.168 


0 


^ of nodes 


113 


52 


165 




-13 




190 ^ 


£ 


E Z links . 


59.47 


27.37 


86.8^ 


-6^2^ 


V 6.84 ' 




100.0 


F 


E lS( links 


471 . 


2Ii5 


688 


50 




^104 


792 


G S.D. 


1.294 

# 


2.951 


2^201. 


3.886 

1. 


2.1^7 


3.594 


2.482 



I [ < 

Row A shows number of links brok^n^'^t^ra by role category. 
Row B shows proportipur^f total linksTsy^category. 
Row*Ss^ows mean number of* links per node by category. 
Row D shows the number of nodes in-each category/ 
Row E has the expected proportijMr of total' links in -each** . 
cajtegory, assfiiaing even diStributipn across aH. nodes ^ 
• ^ in network. - v -'-^ 

/-Row F shows expected number « links by category. 
Row G shows S.D. of l^^a for nodes in c^ach category^ 
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Table 5 



MEAN NUMBER OF LINKS BY ROLES ACROSS NETWORKS 



i 


Tree Nodes 


Liaisons 


Others 


All Linkers 


• 

Non-bridge 
Group Members 


Bridge Group 
Members 


All Group Members 


Total All Nodes* , 


Total All 1 
Participants 


A 


Chase Production 


2.34 


5.33 


3.69 


5.21 


3.86 


5.36 


4.23 


2.26^ 


•. 4.58 


B 


' Chase Innovation 


2.32 


4.25 


3.54 


4.22 


3.28 


4.87 


3.46 


1.52 


3.73 


C 


' Chase Maintenance 


2.24 


3.92 


3.06 


3.79 


3.52 


4.17 


3.63 


1.52 


3". 6 7 


D 


CCD Production 


2.00 


6.28 


4.71 


6.07 


4.62 


6.12 


4.86 


4.23 




E 


OCD ]g»6yatlon 


2.30 


5.00 


' 3.71 


4.95 


3.18 


1.44 


2.7^ 


1.70 


3.32 


F 


OCD MaintenanOB 


2.37 


2.00 


4.25 


2.45 


3.35 


4.00 


3^.45 - 


1.41 


3.36 


G 


Melbourne 


2.35 


7.25 


3.69 


5.40 


•• 3.31 


5.44. 


3.98 


3.3.6 


4.168 


U 


^ Average by Networks 


2.27 


4.86 


3.81 


4.58 


3.59 


4.49 


4.04 


2.29 


' 4,000 


G 


Average*' by Nodes 


2.31 


4.91 


3.68 


4.78' 


3.65 


4.86 


3.89 


2.00 


4.14 


Ik 







Ik 

^Including non-participants 



' This table compares the seven networks on the basis of the number of linkd^ each kind 
of node had. Row H shows the average numbers, by networks. That is, to get the 2.27 in Row h^^^ 
Column 1, the numbers In Rows A through G were summed and divided by 7. This average does' not^l 

give larger networks greater weight. ^ 

/ ' ' ~ **** ^ 

Row I contains averages by node. Here, larger networks were weighted more so that each 
node, regardless of network size, counted equally in th^ calculation. Notice that there are slight 
^differences between Rows H and I. , ^ 
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others is in the number of links the liaisons have. This might be ^ 
explained by the physical differences in the structure of the organi-'t- 
zation ~ the Melbourne system is scattered about a large geographical \ 
area, where all the other systems are located iti single buildings. 
Liaisons would seem to"* be more Important in holding the system together 
in the .scattered system. * . * * - 

A slightly more detailed analysis ig shoWn in Table 6, 
where the roles of both members of each linked pair have lieen counted. 
Points to notice include the following: (a) 792, or 90%* of the total ' 
of 878 links, were between participants; (b) 516, or 65% of these 792 ' 
link^, werie within-group links; (c) all but 43 of the remaining 184 
links connected either groups to other groups or groups to liaisons 
or others; and (d) most of the connections between groups were direct, 
without the intervention of liaisons or others. 

The- Groups in the Network 

In this section we look at groups as iinits in themselves, 
rather than at their- members or the links of their members. 

1^ How many and Hov Large 

la Table 7 the group structure of the Melbourne network is 
compared to that of the Chase ^ and OCD networks. It is clear from the 
numbers, there that the Melbourne' network, with a mean group size of 
5.89 and a mean group density of 0.65, does not differ appreciably 
from the other networks. 

Although these figur.es seem to indicate the stability of 
group sizes across systems, the validity^ of the" stability cannot go 
unquestioned. We described earlier iSi this chapter the procedure 
used by investigators to obtain "good" results: if ' the number of 
others is too high or the number of groups too low, weak and unreci- 
procated links will be ^dropped until a "desirable" structural portrait 
of the 'system is obtained. If groups are either too few or too lai;ge, 
the data and the computer program will* be manipulated until a "satis- 
factory" result is obtained. Thus, it is ijot clear whether the 



Tabie 6. 

CROSS-ROLE CONNECTIONS 
THE MELBOURNE NETWORK: BREAKDOWN OF ALL LINKS BY ROLES 
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Number 

% of Total 

%''of Column K 



516 
58.8 ; 
65.1 



72 
8.2 
9.1 



57 
6.5 
7.2 



12 
1.4 
1.5 



657 
74.8 
82.9 



16 
1.8 
2.0 



17 
1.9 



87 
9.9 
11.0 



20 
2.3 
2.5 



48 
5.5 
6.1 



792 
90.2 
100.0 



878 
100* 



' ■ ' ^.u ^.1 .XJ..U 2.5 6.1 100.0 



proportion''! ^ta^'^J^^to^ ^^'catLiiC'':/" -""le row shows .hat 

Hn>cs batween parrlcipS^'L"* taeor'ncw^^ l^?"^- """"^ Proportion^ 
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. Table 7 

CROSSrNETWbmt COMPARISON OF GROUP STRUCTURE 



Network 


> Number « 
* of , 
Groups 


Number of 
Individuals 
in Groups 


Mean 
Size 


Ranee 


S.D. 


Mean 
Group 
density* 


: ■ 
Mean 

D 


Chas^ Frod. 


46 ■ 


ioy 


6.58 


3/18 


3.31 ' 


0.6AA 


1..472 


Chase Ixmov. 


39 


208 


5.33 


3/11 


2.62 


0.691 


1.377 


Chase Maiht. 


44 


245 


5.57 


3/18 


2.90 


0.683 


1.393 


OCD Prod. 


T 

IT 


151. 


8.88 


3/18 


5.47 


0.620 


1.471 


OCD Innov. 


13 








0 HA 


u. /uz 




CcD Maint. 


9 


64 


7.11 


3/11 


2.76 ^ 


0.534 


1.735 


Melbourne 


28 


165 


5.89 


3/16' 


3.18 


0.653 


1^.443 


Navy 
Expertise- 


27 


272 


10.1 


3/* - 


* 


0.50 . 




Navy ' — — 
Expertise 


^ 44 


407 


9.3 


3/* 




0.57 , 
^ 




Navy 
Social 


16 


, 162 


10.1 


y* 


* 


0.60 


> 


Navy 
' Social 


38 


415 


10.9 


3/* 


* 


.0.53 




Navy 

Authority 


12 


85 


7.1 


3/* 


* 


0.51 , 




Ni^vy 
Authority 


, 30 

1 


275 


9.2 


3/* 


* 


0.44 . 





*Data not available. 
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stability in group sizes is a real finding or an artifact of the 
analytical proctuures used to understand the data. 



2. Links in Grou 



Most of the links of group members are with other group mem- 
bers. The. remaining links are divided almost evenly between links 
with other groups and links with liaisons and others.. Th^ typical 
group has about four links 'tying it to the rest of the network — two 
with other groups and, two with liaisons. 

3. Group Size, Group Density, and D 

While information about how the groups are related to other 
groups is important; it tells us nothing abput linkage patterns within 
groups. To get this kind of information we need to shift our focus 
from the members of groups and their links to groups themselves.^ This 
has been done for the 'numbers plotted in figures 1, 2, and 3. These 
plots show the relationships between group density, group size,. and 
the mean distance from any. member in the group to any' other member. 

We begin wit>h Figure 1, which plots group size againsf^oup 
density. The relationship is clear: as group size increases, density 
decreases. This is .not an unexpected finding — the larger'' the group 
is, the more people there are for each person to be linked with. Since 
people arfe limited in the number of relationships they can sustaitx, 
they necessarily limit the number of links 'they have. Thus, it would 
be expected that in large groups the density would be lower than in 
small groups. . • 

The numbers plotted in Figures 2 and 3. are based partly on 
the distance matrix for each group.* Figure- 2 shows a plot of group 



*In the. distance matrix the entry in row i, column j is the number of 
step? in the shortest path from node I to node J. Tlius, a direct 
link would be represented as a "1" in the di&tance matrix. A connec-' 
tion through one intermediary would be a "2" and so on. If the numbers 
in row i are averaged, the result is the mean number of steps it takes 
ti) reach any person in the group from node I. If all the row averages 
are themselves averaged, the result will be the group mean distance, 
D, wliich is the average distance from any member of the group to any 
pther member. [Footnote cdntinued on page 229.] ' ^' ^ 
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Figure 1 

THE RELATION BETWEEN GROUIP SIZE AND GROUP DENSITY 
IN THE MELBOURNE NETWORK 



1.0 
0.9 
0.8 


\ 

\ 

\ 


IK 0.7 
2 0*6 


• • 


Q 
0) 

a 0.5 




I* 0.4 
o 




w 0.3 




0.2 




0.1 




^0 





• V. 



3 4 5 6 7 



8 9 10 11 
Group 



12 /L3 14 15 • 16 17 
Siz4 



18 19 



Figure 2 



{ 



the' RELATION' BETWEEN GROUP SIZE AND D 
FOR ALL GROUPS IN TItE MELBOURNE STUDY 
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\ Figure 3 • 

THE RELATION BETWEEN GROUP SIZE 'AND D 
FOR ALL GROUPS IN THE MELBOURNE STUDY 
; (THE SMALL NUMBERS NEXT TO 
THE POINTS ARE GROUP N's) 
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size against D, the average distance from any member of the group to 
any other member. The relationship observed here is/ foughly the op- 
posite of the one shown in Figure 1; where group density was plotted- 
^ against group size, t^gain, the relationship is not unexpected. The 
rationale here is the same one that led u§ to expect an inverse rela- 
tion between group size and group density.' 

J — ■ 

In Figure 3, D is, plotted against' group density. The small 
'numbers next to the points refer, to group size. A close examination of 
'the plot will show that groups are roughly ordered by size along both 
axes of the plot, showing how group size is related*" to both density 
and D. r 

^. Qutside-group Copnections ^ 

A relationship that is of interest is the nature of the nodes 
whicn connect the group to the rest of the system. We have already com- 
^^red bridge group members with non-bridges, in terms of number of 
links. We^ might also 'ask if nodes that hav«r connectjions outside the 
group are closer** (in terms of path lengjth) to the rest of the group 



[Footnote continued from page 225.] * . * - 

If links are non-directed (symmetrical) , the distance matrix 
will be symmetrical, and row means wiil equal column mjeanS. Hpwever, 
if links are directed (asymmetrical), rows will not necessarily equal 
columns. In this case, the mean of the entries in row 1 will be the 
^erage number of steps it takes node I to reach all thfe other group 
members. The column mean for node I^will be the average number of 
steps it takes for all the others members to reach node I. 

*The distance a node is from the rest o^ th^ group will vary as group 
size varies. To get an index of distance' to ^the rest of the group 
that is free of contamination by group size, it was necessary to con- 
struct an index that was defined in terms relative to the other mem- 
bers of the same group. The index that was used in Figure 4 was cal- 
culated by dividing the average distnace from the node to* other members 
by the overall group mean, 15". This gives a ratio that has a value of 
1.0 when the node is the same distance as the group average, a value 
greater than 1.0 if the node is farther 'away , and a value smaller than'^ 
1.0 if the node is closer.^ For example, a dijBtance ratio of 0.5 means 
that the distance from this node to the other group members is only r' 
half the average distance for the group. This value is insensitive \ 
to group size, and takes into account^ variations in group density as 

WQil. 
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Ziidn noces' who do no^ have outside connections. Figure A shows a , . 
comparison -of nodes^. having one, two,, three, four, and five connections 
. outside the group* 

•As Figure 4 shows, the nodels with one outside-group link 
have distance ratios! that' stratteir over a range from 0,6"to 1.4.. The* 
mean of these ratios is^^0^99>^ a value less tHaiT^'.O, but i^ot very 
convincing, given the variance of the distribution. This is roughly ^ 
the same thing that is observed for nodes having two outside links. 
Nodes having three, four, five, or more outside links, hoWever, have 
distance.^ratios that are considerably smaller. The more outside-group 
links there are, in fact, the lower is the distance ratio and the more ^ 
consistent is the telationship. It would, then, seem that groups are ^ 
Structured 'in such a way that nodes having wide access to the rest of 
the network are closer to other group members than to nodes without such access. 

This finding must be qualified, however, because it is pos- 
sible that the related? is spu^^ityui. It might be tha^the nodes yith 
many outside links are also the pnes-with many within-groiip links. If 
4ata were available from a greater number of groups, it would' be^ prac- 
tical to attempt td^-partial out the effects of number of links ia some 
way that would allow 'the questio^ of closeness to.be answered with 
less equivocation. ,^^s ta^k Will be deferred to another ^time. 

The System ^--^ ' ' . ' > ' 

Jn^this section we shift our level of analysis to the whole ' 
system. Here we look at the systfem as composed of groups of indivi- 
duals, together with the persons^aig^JdcJ^s that connect thosB groups 
in the organization. For'^this analysis^ pair of groups was" considered 
to be linked if either (a^ there wife a wlfdge link between numbers .of 
the two groups, or (b) UotK^^oups^^d iinks \gith the same liaison or 
other. 

The results oflthe stfuctui^ analysis are shown in Table 8.- 
Because the variance in the number ck lio^s to each group was signifi- 
cantly greater than the expected vari^ce, structural calculations' 
were done with the equations that control for the distribution of links, 
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Figure 4 

THE RELATION BETWEEN DISTANCE TO OTHER GROUP MEMBERS 
' AND NURBER OF OUTS IDE-GROUP LINKS 
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■■ Number of Outside Group Links 



In this plot, the values on the ordinate werp calculated by 
dividing the mean distance from the node to all othairnodes by. the 
overall distance for |:he group. If the node is closer to the other 
group members than all other group members, the^esult of the ratio 
will be less than 1.0. If the node is a^ far as the other nodes in 
the group, the ratio will be 1.0. If the node is farther than the 
other group members, tWe ratio will be- greats than 1.0. 

Eacfi small line represents the distance ratio for one node. 

The thick bars represent the mean distance ratio for all the 
nodes having each number of outside-group links. 

For example, of the nodes having three outside-group links, 
the ratio of thfe distances from those. nodes to other group members 
and _ the overall group mean distance averaged 0.94. 
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Table 8 

STRUCTURAL ANALYSIS OF TUE MELBOURNE NETWORK 
USING GROUPS INSTEAD^ OF NODES . 





EQN#** 


Value 




L 




69 


Number of l.inks 


N 




28 


ilumber of groups 


C 


1 


. 18254 


System density 






03332 






4 


^^^^-^608235 




£ 




1^6 


Meaifof ij^'s 




6 


9^49* 


Observed ^variance in 1'^ 




5 ■ 


4.029* 


Expected variance In i^^^ gi^n N and L 


/ To 




53 


Observed number of triangles 




2 


19.92536 


Expected T, given N and I« 




7 


25.008 


Expected T, given i^^a 




8 


205.258- 


Maximum T, given N and L 




3 


3276 


Maximum T, given N j 


. Tn.£ 


10 


137 


Maximum T, given i^^a 


s % 


12 • 


• .25 


Structure, given N and l.^B * 

x 


S 


11 


.178 


Structure, given N and L ^ 



♦Observed differs 'from expected, significant at p<0,01 (F-test, df»260 
and 260). . . 

**Ail equation tiumbers are from Chapter Seven. 
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The results indicate higher structuring than would be expected by a 
random model; ,the conclusion is that the groups are organized in some' 
non-random manner^* 

A "stSSlogram" was drawn for the system, using the criteria ) 
for linkage outlined above. It was jjot pqssible tocTLscem any difr 
ferentiation^into groups of groups from this graph, which is shown, 
in Figure 5/ " , 

THE PURSUIT OF MEANING; RELATING NETWORK VARIABLES TO OTHER VARIABLES 
While a familiarity with network characteristics is a neces- 
sary starting point, it- is not, in itself, very satisfying, A mor| 
complete kind of understanding is gained by relating structural charac- 
'teristics with other kinds of phenomena. In fatt , it almost seems as 
if the only meantng tKS^-c^ he attached to network characteristics is 
meaning drawn from this additional kind of information, In this sec- 
tion we discuss three different approaches toward this greater under- 
standing. The first compares, networks for different types of communi- - 
cation and at different pcjint/ in time foi? ^ single organization, 
Tjie second examines some hypothesized antecedent and consequent 
variables of participation or isolation' in networks. The third assumes 
group structure to bje the antecedent variable and examines its impact 
on the attitudes of group members, • J - ' 

1, Structural Stability - . ^ , 

Thi^ study was done by Roberts and O'Reilly (1975a^) , (All . 
references in this section ar^ to those inyestigators, ) They claim 
tnat there has been little research iri the area of job-relevant 



*There is a potential problem with this analysis in the way. liaison 
and other links between groups were counted. Whenever two groups 
would each have links to*thfe same^ liaison or other, they were ron-* 
sidered to be linked, Tlfis would inflate the number of triangles 
by putting a link there even if no ijiformation were exchanged through 
the channel provided %y the liaison or ^ther. Although the proce- 
dure used is not Ideal, it i&*.the only' one available at the time. 
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correlates of differential individual communication rble occupancy in 

organizations » Groups' are most frequently described in terms of their 

) 

size and the degrefe to \rfiich they are internally connected. There are 
no "descriptions in the organizational literature of differential size 
and density of groups which develop for different content reasons. 
There is no in4ication, for example, ^that groups for a social network 
' will be larger or smaller than groups for an expertise or an authority 
network (pp. 7-8). There is also little in the way of research on 
the 'Stability of network structure over time. 

The rationale, metl>od, and subjects used in this study * * 
were described in an earlier section of this chapter. The relevant 
results are shown in Tables 9 through 13, and discussed in the follow- 
ing paragraphs. 

^ Role occupation across time and content. Table 9 shows 

a breakdown of the members of this system into participants and isoj:^ 
lates for the six networks, *These numbers can be compared to the cor- 
i;esponding numbers for the Chase networks, the OCD networks, and the 
Melbourne network, wnich are. also shown in Table 9. It is clear from 
this table that there is more variabil^ity in thg" Naval networks than ^ 
in the others. Where\the percentage of participants that were members 
of grpups in the other networks ranged. from 64% to 90%, in the Naval 
networks the range was from 25% to 100%. It is likely' that this dif- 
ference i^ due to differences in data collection procedures used by the 
investigators. Robert's and O'Reilly report a response rate of only 
81%; the response rate in the other studies was always close to 95%. ^ 
Anotlier difference is in the way the sociometric questions were worded. 
While the other studies all used slight variations on the "Who do yo/' 

talk with about question, Roberts and dJLReilly. had only *^ 

one question that was comparable (the -a6cial* network question). Their 
other t^wo- questions differed in\two ways. The expertise question* ^ 
*asks for sources of information, and is clearly' diredtlonal. The 

*"Whw you need technical advice in doing your job, who are the ^ 
persons you are jnost likely to ask?** 
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Table 9 

COMPARISON OF PARTICIPANT AND 
ISOLATE PR0P(».TI0NS OF l4 NETWORKS 
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Network 


Participant 


Non-par ticipoit 


Group Membership ' 


Navy 


Expertise 1 
Social 1 
Authority 1 


. 80.33: ■ 

8P.4Z 
' 4i.l% 


19. 2Z 
19. 6Z 
57. 9Z 


34. OZ 
20. 2Z 
10. 6X 


42.3? 
25. IZ " 
25. 3Z 


Expertise 2 
- Social 2. 
Authority 2 


73.4Z|h» 
72.2%1r 

38. OZ 


2-6. 6Z 
27. 8Z 
62. OZ 


56. IZ 

■*57,2Z 
,38. OZ 


76. 5Z 
79. 3Z 
100. OZ 


Chase 


Production 
" Innovation , 
Maintenance~^ 


• 48. 3Z 
■33.1Z 
■ 33. 5Z - 


51. 7Z 
•■66.6Z 
66. 2Z 


• 31: IZ 
•21. 3Z" 
25. 2Z 


64. 7Z ' 
'64.6Z 
75. IZ 


OCD 


. Production 
Innovation 
Maintenance 


L 84. 8Z ■ 
. 38. 8Z 
28. 7Z 


15. OZ 
61. OZ 
70. 9Z 


63 az 

38. 4Z 
26. 7Z 


74. 4Z . 
' 73. IX 
92. 7Z 


Melbourne * 


• 77. 8Z" 


' -27.2% 


63. 2Z 


86. 8Z . 


Treasure Islj^nd 


55. 9Z 


- 44. IZ 


50. 6Z 


90. 5Z 




ZT m 


.ZT 


ZT 


ZP 



%T indicates that the prop^xtions are a percentage of the total niimber 
of nodes the network, 

%P indicates that the proportions are a per<:entage of the number of 
participant nodes in the network, • 
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authority question* is ambiguous as to direct^'ion — it could mean 
either to whom do you* complain (upwards) or to whom do you speak to 
rectify the situation (downwards) . 

' / A further^dif ference that is related to the kinds of ques- 
tions is the type tff group structure that would be expected. Whereat 
the questions used by the investigators of the other studies all asked 
about communication concerning the sort of information that could flow 
horizontally through the network, both the expertise and authority 
questions in the^ Naval studies asked about information that would be 
expected to move vei|g.cally in a hierarchical network. One would 
expect, groups in a horizontal network, 'but not in a vertical one. 
These problems all make comparisons between the different systems 
tenuous at best and invalid at worst. 

In spite of the^arge differences noted abovfe, the groups 
found in the Naval networks were surprisingly similar to those of the 
other' networks . The figures were already shown in Table 7.^ The lower 
densities in the Naval groups are possibly due to* the lower r^esponse , 
rate oi these studies. The stability of group sizes and densities . 
across networks and across content areas is striking. Given the num- 
ber of systems and their variety, it §eems safe to make the general 
statement that groups tend to have between six and ten members^ re- 
gardless of the topic or type of netwbrk. • >^ 

Tables 10 and 11 allow a more powerful kind of statement to 
be made about structural stability. In Table' 10, nodes were^ cotapared 
at two different tljnes on the basis of their role in the network. In 
both the expertise and "social networks over 70% of all nodes retained 
the same role at Time 2 that they had at Time li. Table 11 shows 
similar comparl|^ns between the different netwrks at one tJLme. 

- Given the stability figures fpr the networks that had the 
measurement problems discussed above, it would be. interesting to see 
what the same figures would look' like when the problems were avoided!' 
It would seem likely that stability would be higher in a^feore reliable. 

*"If you are upset about something related to the Navy or to your job, 
to whom In the ^squadron are you most likely to' express your dissatis-* 
faction (gripe) formally ?" 
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COMPARISON OF ROLES ACROSS TIME WITHIN 

NETWORK: THE NAVAL NETWORKS * 



(Network 


. -Role* 


Time 1 


f 

Time 2 
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Expertise 
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73. 4Z 


76.0% 


• I 


19. /X ' 


2b. bl 
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■ 80.4i4 


J2.2Z 
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19. 6Z 


27.8% 


Authority 


P 


A2.1Z 


38.0% 


' 59.0% 


I 


57. 9Z. 


62.0% . 



* P « Participant ' 
t » Non-participant 



Table 11 

STABILITY ACROSS CONTENT AND TIME: 
THE NAVAL NETWORKS 



• The percentages below the 
diagoMi are time 1 com- 
parisons \)etween different 
content networks. 

• Time 2 comparisons are aboye 
the diagonal* 

• The percentages on the 
diagonal are cross- time 
stabilities within content, 

• Note the relatively low 

entries for all comparisons 

involving authority networks. 
» * 






76.0% 


81.9% 


61.5% 


s 


80.4% 


71.0% 


60.0% • 


A 


59.6%v 


58.7% 


59.0% 



Tlmea 



A 



E » Expertise ' 
S « Social 
A a Authority 
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situation. If this were the case, the findings would have significant 
implications for managers ^ organizations who are concerned with the^ 
flow .of information through the system. " ^ ^ 

\ 



2. Antecedents and 0onsequences of Network Role 

This stud^ was also conducted by Robertas and O'Reilly, using 
a combination of the network data discussed above and add^itional demo- 
graphic and attitu^nal data as well (this and all further references 
in this se(?tion are to Roberts and O'Reilly, 1975b). In a foUo^up 
of their analysis of structure, the investigators examined^ "sets 
demographic and intrinsic characteristics p/eople bring with them to 
their jobs" to see if these "are related to communication role 
occupancy" (p. 1). Communication role occupancy was^'*operationalized 
as either isolation or participation in the communication ndtwoAc. The 
role variable was also examined in relation to a set of individual 
responses thought ,to be "important in terms of organizational viability. 

Besides the' network instrument, respondents were asked to 
complete a survey instrument containing demographic .questions and a 
series of questions coftcemed with their perceptions and feelings about 
various aspects of their work environments. The detiograhic variables ^ 
assessed were r^k and tenure in the organization, population size of 
community 4-n which-the respondent' was raised, amount .ojE education, age, 
and tenure in the Navy. .The instniinents used to measure the percep- 
tions' and feelings about work environments are described in^Roberts and 
O'Reilly U975b, pp. 11-12).. 

Piscriminant function analyses were used to differentiate 
isolates and participants across the three networks for thie two^se^ts 
of antecedent variables (demographijcs and intrinsic characteristics) 
and two sets of response variables (satisfaction and perceived communi- 
cation) . ^ 

(a) Results. The results of the discriminant functions 
were significant for both the social and expertise networks^ In the 
expertise network, participants perceived that various communication . 
modalities were used and that th^y (the participants) deceived 



^^eduudant inf onuation^. fsolates had an increased tendency to deliber- 
^ ately witUhold information and report low^r satisfaction with communi- 
^ cation in general. 

In the sdcia^l network participants a^^^n felt, they received 
redundant information.' .They also had" a tendency to summarize to in- 
sure transmission of 'importJant information. Isolates perceived more 
use of "written and telephone than did' participants . 

A general conclusion was that participation in communication 
is associated with perceptions of increased information flow, more 
redundancy, and greater overall satisfaction with communication. 
There were no significant differences in qpmmitment to the organiza- 
tion, between isolates and par ticip^'^ts ' in either the social or the 
, authority networks. .However, participants in the expertise network 
were significantly more committed to the Navy than were isolates. 

Differences in role occupancy and performance were observed 
with all networks. Participation in communication networks is asso- 
:iated with higher performance th^n is isolation. This difference i^ 
greatest for the expertise networks; 

Tlie general hypothesis was confirmed. Differential role oc- 
cupancy is reflected in both antecedent and consequent conditions. 
Participation is generally associated with positive outcomes. Overall 
the pictulTe is one of dysfunctional aspects for individuals who are 
not integrated into organizational communication networks. 

3^ The Impact of Group Structure on Attitudinal Conf iguratidns 

Taylor (1^76) took a slightly difle^ent approach in his studj^ 
of the effects of group membership on the attitudes of the pe.ople in 
a network. He derived a theoretical^ rationale for the assumption that 
shared communication leads to a convergence of attitudeyfrom a general 
theory of attitude change provided by Woelfel and Saltiel (197^)1 
This theory states that the attitudes a person has are a function of 
all the messages the person has received about the particular topics 
of interest ^ ^ * ' ^ 
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consGquGnt attitude a is the linear sum of 
. ' the messages divided by the number n of messages 
.... Each message,v xj[, is postulated -^to be a force 
which pulls the attitude in one direction or 
another Uttitude change, then, is actually 

treated as' a simple quantitative function of the 
number of messages -.an individual has received 
about a given attitude-object. (Taylor, p, 19, 1-976) 

♦ 

Taylor hypothesized that communication groups would be more 
homogeneou/^with/" respect to a set of work-f elated attitudes than 
would; non-group organizational members; that groups would differ from 
one another with respect 16 a set of work-related attitudes; that 
.greater within-group connectedness would be associated with lower 
within-group variability on attitudes; that' greater integrativeness' 
would be associated with lower within-group -variability; that greater 
connectedness would be associate<J with gre^r cohesiVeness (1976, 
pp. 23-24); > • ' \ . / 

The data employ^ in this study were collected "from a Midwest 
jnanufacturing firm qf moderate size (about 450 employees). The re- 
search was >originally conducted in 1970 aa part of , an effort "to moni- 
tor an ongoing organizational development program, which included the 
introduction of a Scanlon Plan some 'eighteen years earlier. Taylor 
comments that: 



It should be stressed that this' organization is 
- unusually 'sensitive to the need ^r cooperative 
or participative mai>agement systems. The result- 
ant communication policy may be judged to have 
enhanced the amount of communication, (1976, p", 32) 

Respondents wer^ asked to fill out the Inter-Company ^Longi- 
tudinal Survey of the In§titute of Social Research^ Attitude items 
were measured on five-point ^Likert scales. Twenty-three items were 
chosen from the original set of 2l2,on the basis of a cluster analysis 
which showed that the'^^had a higher ability to discriminate between 
sabjects. The origijf^al art^Lysis of the data., is described in Heinen 
(197^). In addition- to the attitudinal items, respondents wefe asked 
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Lo indicate the people with whom *they interacted on the job. Contenjt * 
area was not restricted. 

(a) Results. Because' a one-wdy analysis of variance pro-, 
ddced results that v^re not conclusive, a step-wise discriminant anal- 
ysis was performed on the data with hierarchical clustering. This 
analysis identifies clusters of individuals on the basis of attitudi- 
nal similarities. The hypoth^is was that the groups produced by the 
discriminant analysis would be the same as those produced by the net- 
work analysis — demonstrating that the' attitudes of the members of a 
group are similar to the attitudes of other members of the same group 
and different from the attitudes of members of cfther groups. Sixty ' 
percent of individuals were correctly placed by the discriminant * 
analysis. Onl^ 6% would be expected by chance. The finding was sig- 
nificant with p<.0001. The other hypotheses were either not supported 
or v4ry weakly supported. 

Taylor' concluded that: 

A-' 

^ The results ptovide strong support forrt\ie contention 

that communication groups are* norm-providing mech- 
anisms. The research demonstrates- that unique con- 
stellations of attitudes can reliably recreate the 
informal groups detected by* the network, algorithm. 
Further', integrativeness and connectedness wegre ^ 
found to be related to the process of the develop- 
ment of group normative structure .... The^ results * 
show that members pf informal groups feel less 
Inclined to trust their work team members; less 
willj,ng to advocate staying with the work team; less 
willing to rate highly the perfonnance of their 
group; and, most importantly, less likely to <see 
themselves as substantially important to the produc- 
' tivity of the team. (Pp. 55-56) 



SUMMARY p-* , ' ' , 

Several uses of network analysis were reviewed. One network 
yas ex^nrthed in detail and the results interpreted In the context pro- 
vided by the results of several other network analyses. To provide 
more'meaning for t^e descriptive kinds of information provided by 

network analysis, three studies relating network characteristics to 

A, 



254 



• ' 243 

other phenomena were reviewed. The firs^ related characteristics of ' 

* 

networks for different content ^ireas and across two points in time to 
obtain data on the stability of communication networks. The second 
examined soi^e antecedents and consequences of. comanunicatiaxTnetwork 
variables, and the third related attitudinal information to network 
structure. 



A 




CHAPTER ELEVEN 
FURTHER 



INTROPqCTION ' r ' 

^ \ We started Chapter One with a look at the basic models that 

have i^eeA used to structure approaches to the. study of soclW. systems. 
The first model we woulcM?ecognize as taking a *'scientif&" approach 
was the mechanism — a machine obeying the la^s of physics. This model 
was chosen because -it was successful in other sciences and because it 
promised .to move the^ social sciences closer to the more concrete hard 
sciences, i ' . ^ . 

The fact that the mechakistic fcodel/ together with the 
classical analytic method which fiowed from the assumptions -of the 
mechanistic model, was failing to fit the reality of social systems 
became more and more ^vious as more and more research'' was done using ^ 
this approach. At thiis time, in the early nineteenth century, the 
organismic mode^ started to grow in popularity as a replacement for 
the mechanistic approach. 

Although it opposed the mechanistiq app'roacfi, the organismic * 
method was not noticeably more successful. In this ambiguous context, 
both approaches were used, sometimes consciously, and sometimes not 
(i.e., their assumptions were used, but not stated) .^^ All this time, 
though, there was a deep fundamental difference in the way the two 
models viewed the world. If was through this conflict that the sys- 
tems approach was bom. 

The fact that the main concept in the systems approach is 
P^l&nization makes it easy to see Vhy the systems approach was first 
used in the social sciences by" people interested in the org^anlzation 
of social systems, which were viewed aa communication networks, , 

;:We reviewed a number of the methods u^ed tp study organiza- 
tion in social systems ^in Chapter Two, and; found most o£^ them wasfting. 
The most important* lack, we feaid,* was a lack of clear conceptual^ f 

* ' ' 244 . ^ 
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foundations. The whple concept of system had not been clearly enough 
explicated to allow, formal a^ytic techniques to be drawn up. Fur- 
thermore, the processes of observation and description ^ the case of 

complex systems had not been looked into in sufficient detail to in- 

t ^ 

dicate.how the relation between observer and system being observed 

limitecf. the k^dl pf ' information that could be obtained in those situ 

ations. In Fart Two, we looked into these problems ki^ came up with 

;a new appr^acp to the study of complex systems. 

We developed the model for the general case of complex 

multi-leveled systems. We started, with an analysis of the logical 

form of these systems^ There we were interested in exploring the' 

logical implications of , there being many levels in the System. The 

existence of multiple levels turned out to be. centrally important for 

a number of different reasons. It meant that there were logical re~ 

ft 

strictioijs of many different types imposed on the system. These in- 
cluded restrictions on the way one system could interact with other 
system*, on^ the way the parts^pf the system could be related to the 
whole system, and on the characteristics of all «ys,tems organized A 
hjierarchical fashion. When we examined the procesfses of descijiption 
and observation fn complex systems, we found that tihere were more 
implications, of. there> being multiple levels in both the system being\ 
observed and^in the obs^ving system. ^ - 

The proces^s of observati^ 'and description turned out to 
be mitch more complex than is generally recognized. Especially complex 
is the rela^tion b|(tween the system being described and the different 
levels of descriptiye statements that- can We made ^ibout it;^ Over and 
• oyer again, the concept of .levels had to be considered ;in the analysis 

The concept ^9f levels that played such^a central rol^ eould 
not be understood without recourse to the more basic concept of con- 
straint. Not. only was^onstraint at the ^heart '^of* organizatio|i ,^ but\ 
,a¥feo was 'it at; the logical core of the- process of description. This 
is why^we spent so much time and energy tryi\ig to clarify the role of 
constraint in Chapter Five.^ . - - ' \ - 

Part Thre^ was organize^ in* parallel to Rart Two. While the 

beginnings of a conceptual framework were outlined ^in Partf«€w6, the 
' \ • . ^^.^ ' V ^ >^ ^ ,^ ^ 
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■corresponding operational methods were sketched'in in the chapters of 
' Part Three Much of what was described in those chapters was neces- 
sarily crude, as it represented only a preliminary outline. Much of 
what was describjed there has not been used enough in carefully^ evalu- 
ated research to let us know if it works. This Is to be expected with 
newly developed methods, ^ 

X In Par^ i^our We presented some^data, ^ It was^ not nearly 
enough) data to let us draw any conclyiflons. That was not * the intent 
of the exercise. Rather, it was carried out to illustrate* the kinds 
.of analyses appropriate in the early Stages of the woj^k of the research 
program outlined ;in the earlier chapters. The numbers reported in 
Chapter Ten were not wholly fictitious/' They were drawn from data 
sets that were chosen to give some valid impressions about some of the 
chaj^acteristics of the .network aspects pf the systems we are in^er- 
e^ted in understanding. As it is, the numbers only give some- initial 
impressions — they are in no sense comprehensive or complete descrip- 
tions. There is a lot more to our research program than network 
analysis, ' This, additional work is the work of the future. 



The State of the Art/Fleld'Area 

. , An assessment .of the strengths and weaknesses of the , network 
* approach .will be a useful guide to the direction of ^ future -wprk. 
Several aspects can be identified for tjiis type of analysis: guiding 
theory, statistical , and methodological approaches, and the less inter- 
estip-g but more concrete research tools, such as data banks and 'computer 
progtams, 

.As anyone who .has actively engaged in network research will 
testify, the most advaqCed area is the third one mentioned above. The 
statistical and methodological foundations, while not entirely absent, 
are not a(s\,well«developed; as the analytic methods. 

The least developed of the three areas is the one that one 
would expect to come first ~ /t>at of guiding theory.. How did this ^ 
backwards situation come to be?^ 

In the early stages of work qn the problem of network anal- 
yst, it was ea^y to identify a specific, concrete need of researchers 
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m the. area. Thet* was no fast easy way of digesting the -^ociometf ic ' 
•'data collected, in network" stiidies . Thd situation' was one of a fairly 
clearly stated problem where the lack of -answers seeAed to be ^hibit-^^ 

• ing progress in. the general area. Instead of working'on a better 

• understanding of tlie theoretical issues involved, '^wfe chose to work ^ 
on the seemingly ilJore innnediate problem of analytic techniques. ' 

^It may beunfortunate th^t we, took this course. ' It is pos- 
sibre that the'^^ly complek and sophisticated riffiGOPY program will 
j:ufn out to be a white elephant inhibiting fuVther advancements in 
the very field that it^was designed to help along. It i's difficult 
to -predict the kinds of needs that will go along witlT^et-to-be-advanced 
, theory ; but we attempt to do just thft in tjieyrest of this ^chapter. , 

WKERfi WE ARE/WHERE WE WANT TO GO V. ' * " ft^ 

The ^remaining sections of thisNihapter are orgaptf^ 
now seems to be the correct order. Although hindsight sugges'SB^t 
theory sho^d <^ first in research endej^vors like ours, it doe^"not 
a^^fto always, be passible to advance the theories without having the 
kind of understMiding that -forays into methodological and analytical 
areas provide. We hqpe^e will not be^ forced to^3acktrack too far. ' ' 
We begin the discussion with some commenta on the sorts of theoty we 
,*\>ught 'to have :| to guide research in the area. From there we move to a 
. focus on.thr Jnteroediite issues ~ statistical and, methodological, con- 
. siderations' that flow from the coupling' of theoretical biases and prac- 
tical limitations. Finally,, we turn to the concrete needs of those 
conducting research in the area. \ ' ' 

Theory . o , ' ■ 

In the cha|j,ters of Part Two we outlined a payadigp that sug-' 
gests how we should view communication networks in complex systems. 
The approach we described' there started with i^ft-analysis of^ the logi- 
cal fom. of the System* we are interested in. We combined the results 
of this analysis with ai) analysis of the processes Of observation and - 
description to arrive at some statements about research goals.' These ' 
stacements described some- of. the characteristics df network^ that 
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should -be important in the study of human coinmunication systems — 
» sDtuct^ring/ differentiation, roles, groups, and so on. 

All these characteristics are endogenous to the network.' 
They are based on distinctions made between one part of the network ^ 
and the rest ofc the network, or between what was observed '\n^ what 
was possible. . * 

A theory working with only tTiis kind of information would « 
^ be able to malte' advances in two directions. First, it wouW be pos- 
sible to in^ke statements^bout regularities observeJt.i^h a variety of 
situations. Th^s kind of research w^s repotted in Chapter Ten, where 
we described su^h global phenomena as the "typical liaison" or the 
"typical group member" or the "typical' group." Confidence is. added 
to this kind of statement by looking at many netvoAs in many different 
kinds of settings; This was one reason for the compari3ons made be- 
tween the Melbourne ^etwofrk and the others. ' * 

A second kind of statement that can^ be made within this kind 
of theoretical context' would be the kind that related some endogenous^ 
network v^ables to other endog^ous netj^ork variables. Here, instead 
of saying ^he typical g^^p-Tnember has four links';" we would 6ay,thin\5s 
like "the more out side-group links a group member^ has, -the^ closer that ' 
member is likely to 'be to the other membera^f the group. ^' -It is pos^ 
sible to make these kinds of statements with no data other than that 
which describes where the links are in the system. 

The theoretical perspective we developetf may be adequate, if 
we are satisfied with statements like the ones descrl>4d above. If^ 
on the otner hand, we are -interested in seeing^ how networks are^ in- >^ 
fluenced by other^f actors or how other factors are influenced by net- 
works, we need a broader perspective.^**^ we are to progress in a 
programmatic fashion, wte need a perspecti>j^f^at will suggest whole 
families of research questions similar to the ones asked by Roberts 
and O^Reilly (1975 a, b) f - ' . ^ 

Much of ihe research taht has been done in this direction 



^eems to be somewhere between the ifvel of individual differences and 
system effects. For example., RobertsT an'd O'Reilly were primarily 
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interested the behaviors and attitudes of persons wlio were either 
isolates^l^ participants in the network. 'Taylor '(19?6) wa's interested 
in looking at attitud^ of persons who were members of groups. Re- 
search relating proRerties of networks (i.e. , properties of groups or 
properties of sets of groups) to endogenous variables is still rare. 

One reason for the scarcity of research relating higher-level 
phenomena to exogenous factors ^is almost certainly the lack of guiding 
theoretical perspectives. It seems that this lack is not likely to be 
dealt with until the regularities of higher-level aspects of networlcs 
are better understood. Thus, the simpler studies relating endogenous 
variables to other endogenous variables seem likely to be more common 
in the^near future. As a body of knowledge in this area is built up, 
•more and more of the more complex studies relating endogefious higher- 
level network characteris^tics to es^ogenous factors will be completed. 

If we are asked to describe the kinds o-f theory that are . 
likely t^ be seen, we can only make the most -general statements, since 
-we do not understan^d even the kinds of -things the. theory is likely to 
relate. (If we had the theories today,* we xould dispense with the . 
uninteresting cont'ent-f ree research into the nature of networks that 
makes up much of the work that has been done.) a starting point' for 
-this type of research has been suggested and some studies have been 
done. We refer het^ to studies looking at changes over time. If 
we ^e interested in dynamic processes, it seems fal^rly obvious' that 
we will include change across time as one of the main concepts. 

In the static o^e-point-in-time situation, we can ^gj^erve 
some kinds of patterns or organization in^ the data. The most we can 
do with these observations is correlate them .with other observations. 
We can'make no statements about how things got to-be the way they' 
are, or how they influence other things around them. This is g&iferally 
accepted to be the way science works. 

When we ii^clude changed over time, we can observe the sequences 
4nd orders of changes. These observations allow causal statements' to 
be made concerning the relations between phenomena. Instead of only ' 
being able to describe networks, we can begin to explain why and how 
they are the way they are . ' . 



Acain, there has .been little research in this area- The 
' reasons for the lack here, however, are differetft from the reasons 
in other ^reas. The maJ6r problem, here is that, time-series studies 
are considerably more difficult to ckrry out than one-shot studies. 
The* observational interventions are likely to be reactive ~ systems 
do not permit themselves to be studied repeatedly ~ and time-series 
studies are more expensive, as they demand more research assistant 
efforts and analytic complexity.-^ They al§o take longer to do. * - 

Statistical and Methordological C|nsiderations 

Closely related to the theoretical issues discussed above are 
problems related to statistics and methods.^ Four problem areas are 
discussed here: sampling, .measurement, desicriptiye statistics, and 
inferential statistics. 

1 . Sampling ^ , . * 

A theory of sampling for networks 'is yet* to be proposed. 
Granoviitterx (1976) approaches the problem of sampling for a simple 
peasure pf a \bsic network property -r density. It is unfortunate 
that he chose this measure to illustrate the problem, Ixecause density, 
as he operational izes it, is an individual-level variable, rather than 
a network variable. The very crudity of the index makes it both eas^^- ' 
to work with from a sampling perspective and of little interest from 
a network perspective. 

The critical point that Grannovetter bypasses is that, when • 
studying networks as networks, the network is the'^unit of analysis. , 
Thus, one would sample networks, rather than individuals. When groups ^ 
are the unit of analysii, one would sample intact ^roiipsi -r not indi- 
viduals or network^. ^ - ^ ' 

Th^ problems with this approach are of two types. First, 
the statistics required to work with more cdmplex indices, ire Jhordi- ' 
nately complex. Second, the actual operations of sapling ~. i.e., 
locating* and eliciting responses from networks or groups — ^ve yet 
to b«r w.orked out. satisfactorilj/C^ ^ /. . / 
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There is a third-^problem associated with the intact system 
, approach: size. Many interesting systems are simply too large to 
be studied in toto , it seems that there are at least three wdys~~o1 
circumventing this problem. One is to divide the whole system into 
^. subsystems and to sample the subsystems. This would be the approach 

taken when a city was divided into neighborhoods and a subset of the 
neighborhoods was sampled for intensive study. The results would be 
generalized to the rest of the neighborhoods' in the city. This 
method works when the system as a whole can be divided into "clean"* 
subsystems — where the division does not do too much violence to 
either the subsystems or to the system as a whcjle. In many systems 
there are easily recognized subsystems t'&at can be sampled in this 
way. Chavers* work with school aysteios (1976) illustrates this a|j>pr6ach. 
. V A second approach *to the sampling problem is to use "snow- 

ball" techniques-, ^perhaps starting each chain with a randomly selected 
individual. The statistics needed to make estimates^ of confidence with 
this method are formidable. . , > 

• - ^ Benninger (personal communication) suggests a third metfhod, 

i He advocates dividing the^networlc into a set of exhaustive and mutually 
^exclusive subsets of individuals, tor example, he might divide San 
Francisco into professionals, laborers, -students, politicians, house- 
^ " wives, and criminals (assuming that these are mutually exclusive and , 

exhaustive^. He would then sample individuals from each' category and 
study the4^r links, -with individuals in other categori-ee. Withtthis 

^ \ r ' ' 

' . information*', he^ would be aft le 'to make statement's about the way the 

indi^duals ih any one Category relate to the individi^ls in any other 
. ^category. - This '"socioltigical" approach does not syffer from many of 
Y*'. the probleiAL thdt p^lague othej schemes , but it provides less informa^ 
. . , Action th^n the othej^ ^ ^ • ♦ / ^ . . 

' .< * ^ Clearly ,%!(e area oi sampling is wide open and^ready for 

' . " ^ som^^ patl|b,reaking work. * . , , ^ 

, 2>. Heasurement . " . - / . \ ' " * , 

i#. ' ^ , Closely related tjpf' th^ issue c/f sampling is the problem pf 

»^^e^surement. Cranovet^Cei^ (1976) argues^ that problems with the* recall 



method of collecting network data (see Chapter Six) are a major reAsoh 
for developing some kind of sampling technique. His arguments apply, 
more in very large systems where the task of recalling allybne^s con- 
tacts is too large for respondents to handle. ' ^ 

Measurement is not only a problem in ve^y large systems, 
however. Even in moderately la^e (N*200 to 600) organizations! vhere 
the boundaries ^of the system' are relatively clear, it "is often diffi- 
cult Co get respondeiits to answer the fairly complex kinds ^ of questions 
that must be asked to obtain useful, network data. The discriminations 
Required are coi)i5)lex and.the datA afe thus not terribly reliable,* 
Not only.^re the data not that^eltable, but also are they not that 
informative. It is difficult to get the amount off information that 
might \>e d€U|^red when the recall method is used. Diary methods, which 
can provide much more information, are also more obtrusive and meet 
more resistance on the patt x>f respondents. 

Finally, no studies have been done to clarify the meaning 
of some of tJhe scales that have been used to ^co^e relatipnahips in 
network studies. .For example, an "importance" scale was used to rate 
each contact an individual had in some network studies. Importance 
scales usually run from 1 to 5 , lAere 1 is not Important^and 5 is 
someplace on the other end of the continuum (see. Chapter Six). 1/tlS' 
not clear what kind of scale inq)ortance is. It probably is atr^ieast 
'^otdinal, but is it interval or iratio^ Furthermore, do all individuals 
have the same meaning for '^crucial" or do some consistently overrUte 
the Importance (relative to the oth^s) , while others underrate it? ^ 
If there are differences amotig individuals, who are l;he over- and 
underraters? Can methods that control for this be developed? How 
important is the problem? 

9 

. It seems clear that the use of sensitive analytic tools 
should be tenqperecl with an understanding of just how uncertain the 
information in the data is. This area obviously is ixt need of more 
%rork* " , 



*Recall the difficulties with the Roberts ipd O^Reilly data described 
in Chapter Ten. ' 
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3. Descriptive Statistics 

When working with comnunication networks from complex systems 
it is absoiuUly newssary to have some way of digesting the massive * 
amounts of information a^id producing concise an^ powerfixl description^ 
of meaningful pattepxs In the d|ta. Thij8 process involves the use of 
descriptive statistical summary statemente thich collapse large aitounta 
of data iiSto simple Indicators of various characteristics. «Two types 
of work ased to bet done In this area. Th§ statistics we have need to 
be exttnined closely in a variety of situations to see how they behave, 
and new indicators need to be developed so that more can be said about 
the data we have. 

EdwardB and Monge (1975) did an empirical test of the rela- 
tionships among several of the metrics that .have been used to describe 
networks. In their analysis they were looking for sources of comnon 
an^i unique variance in each of . the metrics. In thifl w^ they were 
able to reject several of the metrics as being redundant or vague, ±n * 
terms of the large amount of variance tliey had in common with other, 
more basic, metrics. They vere also able to identify metrics which, 
shared almost no variance with others. These "imique" metrics w^re , 
therefore demonstrated to be "clean," and not contamlnatfeil by other 
factors. More of .thisXlnd of conmonality testing would give a clearer 
picture of the relationships among the other metrics. By sharpening 
our conceptual and 'operational terms, this process wlil al^w us to 
make better .use '6f existing indicatorsj^ as well as to discover thfe 
empirical ••meaning" of any nlw ones^that may be introduced. ^ 
^ * The development- of hew indicators was mentioned as the other 
aspect that needs more effort. There are a number of indicators that 
are usefuf at the individuai level of analysis. ' At higher levels thd^i^ 
are fewer. If the higher levels arfe to be better understood, we need 
more indlcat6rs.^f different characteristics. One problem with 
higher-level indicators, however, is related not to other low-level 
indicators but rather to uncertainties in the meas^^rement process. ' . 
Tt is not cl^ar, f-or example, wha,t ^ link between two groups would 
look .like. Other problems are caused by some, aspects of the relation-, 
ships that are not impdrtant at low levels hut are crucial at higher ^ 
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levels. The problem of transitivity is one of these problems.* If 
this issue were better understood » ^' it vould be possible to develop a 
number of group-level and even system-level indicators that are ijot ' 
available at this time. 

Analytic Considerations ' .^^ 

Before the theories ^and statistics that vlll^be developed 
can be put to work, actual tec^iques £^ doing this need to be pro- 
vided i We have a start witJ^the NEGOPY program described in Chapter 
Eight, immediate attention can now be directed in four dire^ions. 

1. Improvements in^^-Birfstlng Programs . 



There are many problems and llmltations'^of the current NEGOPY 
program th4t must' be dealt with. 

Ca)' The existing program only runs on CDC 60bO-series / 
machines . It is in^erative that a. version compatible with IBM eguip-^ ^ 
ment be made available. ' ^ — ^ — ^ 4^ 

(b) The existing program<*is«monolithlcally organized. Fu- 
ture versions should be modular » so that more poweful routines can be 
used without sacrificing cote to code» and so that analyses can be done 
one step at a time — giving the investigator both greater flexibility 
and greater economy. , 

(c) Much Infon^ation produced by the program is not organized 
in a form tliat mafces.it readily available^ More complete descriptive 
summaries shou3.d be jQicluded at many points in the analysis. When the 
urogram Is organized^^ modulrfr licJrm, there will be room to include the 
code needed for these added features. 

(d) The power of the program- needs to be expanded to Include 
multiple network or cross-time capabilities. Multiple 1ie two rk capa- 
bilitiesNi^luJd-^^ several systenoj to be examined at once, with 
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comparisons along a number of dim^sions. Cross-tine capabilities 
would allow changes in one network over tine to be studied 'and possibly 
related ^ther, non-network variables. This step will be essential 
for theor/ building, at least as regards the dynami^of. networks. 
Inputs to these routines would be the outputs of sever^ of the ear- 
lier routines, rather than several raw data sets. 

2. Develppnent of Other Programs V 

While network kiaiysis is an important part of this research 
program, it is only a part. As the sophistication of the approach 
grows, other types of^analysis will be needed. If the complexity of ' 
these techniques are anything like that of others, computer programs 
will be necessary for "carrying out any important research. These pro- 
l^rams might be based .on the logical model for complex systems that 

* was described in Part Two. Alternatively, they might be based on 
dynamic theories of evolution aixd adaptatiJJ^a'la Ashby (1956). The 

ylevelopment of |hese new programs will mark the beginning of another 
surge in the advancement of the social sciences. 

3. Moving Towards an "NPSS" (Network Package for the Social Sciences) 

A maj(^ step in the development of modem statistical analy- 
sis was the presemtation of a widely available package of standardized, 
powerful routine^ that performs most of the tasks that used to be done ^ 
either by hand or by. non-staidard on^yshot computer programs. , A simi- 
lar package of routines* i^ the systems /network area would likely have i 
a major impact on the amount -and. quality of research done in the area. 

DISCPSSION . 

The problems and tasks we haVe been discussing so far ,ln 
this chapter ^re all Important issues that will have to be Considered 
during- the next few years. Although th^ constitute a large research" 
program, they only make the first, step in the move toward a mature 
science of social systems. In this section we speculate on ^ 



♦Perhaps a separate package would be less desirable thap a merging of 
the two areas. ' * ' . . ' 



erIC' • , ^^^"^ 



. ■ 256 

directions such a science might take. These vanderf&gs go back to the 
kinds of things we were discussing in the first and third chapters and 
move on from there. ^ 

In the introduclDry remarks at the beginning we commented 
on a radical shift in 4^mmunication styles that is influ^i^i^ most 
of the world: 



./ 



This shift is fed by the continued devel^ment 
and advancement of new communication technologies. 
ThuSy {for example] easy access to relatively 
liiexpensive telephone equipment increase the 
amount of coBununication between distaht areas 
As educational levels rise and political 
y ' barriers drop, more and more people gain the 

ability to interact in the context of the emerg- 
Ing world society. Where in the past; local and • 
national societies were forced to be lndepex\dent ^ 
. of one another by a lack of comnunication faci- 
lities, they are now tied together Into what is 
, fast becoming a single integrated network ol^ 

Interdependent units , where the boundaries are / 
becomlxig more and more mere political or economic 
' considerations, instead' of ^natural geographical 
^rtracial barriers. 

We commented oh the implications of this Increased interdependence, 
which will include a whole set of new emergent properties » — bpth 
properties that couldn^t exilt ^before the communication ties and pro- 
perties that are speeded up so that they become significant factors » 
(^leading to new changes that further accelerate the whole process. ^ 
^^uations in which a. previously ^ocal event now has effects that 
*%ake the whole world System are becoming more and more frequent and 
undeniably important. It is obvious that the addition of more communi* 
cation links is changing the fundamental. natute of |:he system. 

If we are to survive the turmoil ot the coming, years , which 
promises to change the world even more rapidly and dramatically than 
recent decades, we will have to have a better understanding ot both 
the' nature/bf the system and the nature of the kinds of changes we 
are likely to see* Without this tinders tending, we can 6nly proceed 
blindly, accepting whatever^ consequences there are in store for us. 
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If ve decide to approach the futurie with models that worked 
in the past, we cannot hope to succeed* The models that worked well 
In explaining and predicting a loosely connected and relatively stable 
world will not work In a volatile, tightly connected one. When com- 
>munication and interaction increase, all thegj^rocesses of change and 
• growth speed up. proportionally* 

We described In this dissertation an approach that will mov^ 
us closer to a science of large-^cale social systems. The analysis 
presented here is only^a beginning, hoi^ever; it cannot be expected to 
provide even most of the answers. A more^ complete analysis would In- 
clude many areas ronly pouched upon here: 

^ • "■ » 

t 

— Perhaps most Importantly, a highly developed theory and 
method for studying change in complex Systems. What 
kinds of change can be observed? What causes '^change? 
What are the effects of change? How do we speak of 
change In quantitative terms? What kinds of change are 
/ good? What kinds are undesirable? Can we direct change? 

^Can we avoid it? What kinds of systems (structures) 
change In the right ways? Can we alter system structure? 
What happens when systems' dislnt;egrate? v 
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— Theories and methods for approaching complex hierarchical 
systems. How do" higher levels come to be? I^ow do they 
Influence lower levela? ^How are they influenced ,by lower 
-levels? Can they be contro;lled/dii:ected? yWhat happens 
when a^neiw level is added to the system? Bow can we. study 
these levels? What can we do about them? 
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, A theory of social s^^tem e^oluation. How do ctliplex 
social systems evQiye\>ver time? Are there parallels to 
biological evolution? Can fchla evolution.be guided? If 
it can, what is the b^^way<^Q move? Can we predict the 
direction of future ^^HfeM.onary changea from the basis 



t b^^^va} 
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of present conditionsH^K 

— .Related to social evolution, a theory of 'a4aptation\a]8tt' 
survival• How do social systems adaptlto th^ir environ- 
ment? Are some kinds of systems inherently more able to 
adapt to changed conditions? If we can/ t direct the con- 
ditions, can we direct the ability of the system to' adapt? 
Does the system survive In a chi^ged state? Is social 
syst€!m survival a desirable thing? . What are the Impli- 
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cations of survival? Can we predict which systems ^1 
V survive? If adaptability insures survival in the short 
run, what does it imply in the long xxml Are there other 
short-term/ long- tern . tradeoff s? 

Clearly the development of th^se theories and methods is;a 
long-term program* The possible ^Implications are unprecedented. We 
.are at a critical "point at this time. The new- approach to social 
systems is in its early stages. It is especially fragile^ and cou 
'easily {be diverted away from the important long-term issues and to-_ 
ward more immediate short-term ones. The payoffs for doing shortTterm 
research are much more immediate and tangible than those for long- 
range work. This seems to be a danger that must be guarded against 
most strongly. Perhaps a compromise can be reached, where the attrac- 
tive immediate applications can be done in such a way that the benefits 
can be funnelled back into the research effort in ord'er to advance the 
long-rrange theoretical work. 

COKCLDSION • . 

f We have here a beginning .... 

1 

■ . ■ ) 
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•APPENDIX:. NEGOPY,' the Network Aiialj^is Program ' . 

p ' , * *' 

Documentation ' ' , ^ ^ ^ 

« H . * ^ 

■ S ^ • • 

^A "^nual describing the networkAanalysis progi^am is available from the 
i^stijtute for Communication ResearchJ^, Stanford University, Staiiford, CA 
94305. The document is entitlfed.'"A Manual for Network Analysis^ Using the 

^.NEGOPY Progran)/' The duthor is William D. kichards, Jc* ' 

• ' . ' ' ' * " ' ' ■ ' ) 

, There are sections in the manual deA:ribing/the goals of network analysis, 

^ the cpLlection of • d^^ta/ 'Instrumentation, data preparation, and data * 
analysis. The ^algordfenm' upon which the^NEGOPY program is based' is described. 
The parameters governing the operation c(f the program^are discussed, 
witit examples showing ^the implications of di^fereut options. Finally, 

• for each section, the olJtput: of 'the program is ^describetd ^o 'that it 
can be easily interpreteMfcyvthe* user. 



Availability ^ '* 

The NEGOPY progra<n w^ w?ritten in- CDC F.ORTRAN EXTEINDEJ^^ The'code i,s 
highly machine dependent; it runs- only on CDC 600(^series tftachines^ 
The program itself occupies about 3, 000 cards in source 'versloii. The 
object version bccupies roughly 27K (o^tal) words of core ^SO^tit wor;ds); 
Further information about the organization or avail,ibility of the 
prpgram can be obtained from William D. Richards, Jr.' In'stitute for 
Communicatioa/Research, "Stanford University, Stanford, CA 94305. 



